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Abstract!
Understanding!the!complex!metabolic!networks!present!in!organisms,!through!the!use!of!high!throughput!liquid!chromatography!coupled!mass!spectrometry,!will!give!insight!into!the!physiological!changes!responding!to!stress.!However!the!lack!of!a!proper!work!flow!and!robust!methodology!hinders!verifiable!biological!interpretation!of!mass!profiling!data.!!
In!this!study!a!novel!workflow!has!been!developed.!A!novel!Kernel!based!feature!alignment!algorithm,!which!outperformed!Agilent’s!Mass!profiler!and!showed!roughly!a!20%!increase!in!alignment!accuracy,!is!presented!for!the!alignment!of!mass!profiling!data.!Prior!to!statistical!analysis!post!processing!of!data!is!carried!out!in!two!stages,!noise!filtering!is!applied!to!consensus!features!which!were!aligned!at!a!50%!or!higher!rate.!Followed!by!missing!value!imputation!a!method!was!developed!that!outperforms!both!at!model!recovery!and!false!positive!detection.!The!use!of!parametric!methods!for!statistical!analysis!is!inefficient!and!produces!a!large!number!of!false!positives.!In!order!to!tackle!this!three!nonSparametric!methods!were!considered.!The!histogram!method!for!statistical!analysis!was!found!to!yield!the!lowest!false!positive!rate.!!
Data!is!presented!which!was!analysed!using!these!methods!to!reveal!metabolomic!changes!during!plant!pathogenesis.!A!high!resolution!time!series!dataset!was!produced!to!explore!the!infection!of!Arabidopsis*thaliana!by!the!(hemi)!biotroph!
Pseudomonas*syringe*pv!tomato*DC3000!and!its!disarmed!mutant!DC3000hrpA,*which!is!incapable!of!causing!infection.*Approximately!2000!features!were!found!to!be!significant!through!the!time!series.!It!was!also!found!that!by!4h!the!plants!basal!defence!mechanism!caused!the!significant!‘upSregulation’!of!roughly!400!
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features,!of!which!240!were!found!to!be!at!a!4Sfold!change.!The!identification!of!these!features!role!in!pathogenesis!is!supported!by!the!fact!that!of!those!features!found!to!discriminate!between!treatments!a!number!of!pathways!were!identified!which!have!previously!been!documented!to!be!active!due!to!pathogenesis.!! !
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Figure!43!The!frequency!of!occurrence!against!the!number!of!hits!(Left)!illustrates!case!2!showing!the!number!of!database!entries!which!have!multiple!hits!in!the!MS!dataset.!!Approximately!54%!of!the!database!is!only!identified!by!a!single!feature!in!the!MS!data.!(Right)!illustrates!case!1!showing!the!number!of!features!in!the!MS!dataset!that!have!multiple!hits!in!the!database.!A!large!portion!of!the!data!is!explained!by!a!single!entry!in!the!database.!....................!149!
Figure!44![62]!The!aromatic!amino!acid!pathways!support!the!formation!of!numerous!natural!products!in!plants.!The!shikimate!pathway!(shown!in!green)!produces!chorismate,!a!common!precursor!for!the!tryptophan!(Trp)!pathway!(blue),!the!phenylalanine/tyrosine!(Phe/Tyr)!pathways!(red!),!and!the!pathways!leading!to!folate,!phylloquinone,!and!salicylate.!Trp,!Phe,!and!Tyr!are!further!converted!to!a!diverse!array!of!plant!natural!products!that!play!crucial!roles!in!plant!physiology,!some!of!which!are!essential!nutrients!in!human!diets!(bold!).!Other!abbreviations:!ADCS,!aminodeoxychorismate!synthase;!AS,!anthranilate!synthase;!CM,!chorismate!mutase;!CoA,!coenzyme!A;!ICS,!isochorismate!synthase!(figure!and!legend!taken!from![62])!................!152!
Figure!45!Temporal'profile'of'CPD1429'which'was'identified'as'l<tryptophan'
(Trp)'using'accurate'mass,'isotope'and'fragmentation'analysis.'
Temporal'profile'of'this'feature'illustrates'a'massive'up<regulation'after'
6h.'The'sudden'drop'at'12h'was'identified'as'an'artifact.'Trp'is'a'key'
aromatic'amino'acid'and'is'used'for'a'variety'of'processes'within'the'
plant.'These'include'the'production'of'the'phytoalexins'camalexin.!.....!154!
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Figure!46!!Temporal!profile!for!CPD!1020.!CPD1020!was!identified!as!camalexin!through!accurate!mass,!isotope!and!fragmentation!analysis.!CPD1020!illustrates!that!camalexin!is!strongly!upregulated!due!to!PAMPs/MAMPs.!Camalexin!is!a!key!phytoalexin!which!acts!to!defend!the!plant!against!pathogen!ingress.!CPD1020!indicates!that!the!response!starts!from!4h,!and!that!camalexin!stays!highly!expressed!throughout.!..................................................!156!
Figure!47!Temporal!profile!for!CPD!228.!CPD228!was!putatively!identified!as!4SmethoxyS3Sindolymethyl!glucosinolate.!4M3IG!is!down!regulated!in!both!DC!and!hrpA*which!correlates!with!the!increase!in!camalexin,!suggesting!a!shunt!in!the!tryptophan!biosynthesis!towards!the!production!of!camalexin.!............!157!
Figure!48!Temporal!profiling!CPD553,!which!was!identified!by!accurate!mass,!isotope!and!fragmentation!analysis!as!LStyrosine.!CPD553!implies!rapid!accumulation!of!LStyrosine!in!DC3000!treated!tissue.!.............................................!158!
Figure!49!Temporal!profile!of!CPD712.!CPD712!was!putatively!identified!as!LSphenylalanine.!............................................................................................................................!159!
Figure!50!Temporal!profile!of!CPD1017,!which!was!putatively!identified!as!pShydroxybenzoate.!.....................................................................................................................!161!
Figure!51!Fig.!Temporal!profile!of!CPD39280,!which!was!putatively!identified!as!4Scoumarate.!...................................................................................................................................!162!
Figure!52!Temporal!profile!of!CPD1868.!CPD1868!is!putatively!identified!as!2Scis,!4StransSxanthoxin.!This!feature!shows!accumulation!in!DC3000!treated!tissue.!!2Scis,!4StransSxanthoxin!is!the!rate!limiting!compound!in!the!ABA!biosynthesis!pathway.!Previous!studies!have!shown!that!ABA!is!a!vital!hormone!in!the!
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defence!mechanism!of!the!plant.!DC3000!treated!tissue!has!a!large!amount!of!ABA!accumulation!causing!suppression!of!SA!biosynthesis!which!is!needed!for!successful!defence!.!..................................................................................................................!163!
Figure!53!!Temporal!profiling!of!CPD135.!CPD135!was!putatively!identified!as!LSglutamate.!LSglutamate!is!down!regulated!by!DC3000!infect.!..............................!164!
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 The&aim&of&this&thesis&1.1This!thesis!develops!methodology!for!the!analysis!of!small!molecule!mass!profiling!data!using!the!quadruple!time!of!flight!mass!spectrometer!(QtoF)!coupled!with!an!liquid!chromatograph!(LC)!column.!These!methods!were!applied!to!the!model!plantSpathogen!interaction!system!involving!the!host!plant!Arabidopsis*thaliana!and!the!virulent!hemiSbiotrophic!bacterial!pathogen!Pseudomonas*syringae.!The!methods!developed!are!described!in!detail!followed!by!their!applications!to!identify!key!discriminate!features!(metabolites)!that!define!the!interaction!between!Arabidopsis*thaliana*and!Pseudomonas*syringae.!!Identification!of!discriminate!features!provides!insights!into!the!chemical!dynamics!of!disease!development.!The!methods!developed!are!applicable!to!any!metabolomic!dataset.!Therefore!this!thesis!provides!valuable!information!for!any!researcher!looking!to!explore!the!secrets!of!the!metabolome!and!attempting!to!identify!differential!metabolites.!
The!research!outlined!in!this!thesis!is!primarily!involved!in!novel!methodological!developments,!concentrating!on!the!infection!of!the!model!plant!species!
Arabidopsis*thaliana!by!the!pathogen!Pseudomonas*syringae*pv!tomato!as!a!source!of!metabolic!variation.*Initially,!the!main!focus!has!been!to!identify!significant!small!molecules!associated!with,!and!to!determine!their!patterns!related!to,!disease!development!in!this!well!studied!plantSpathogen!system.!As!the!project!developed!it!was!clear!that!current!software!was!not!capable!of!accurately!aligning!the!highly!replicated,!high!resolution!timeScourse!data!that!were!developed!during!the!course!of!this!study.!Thus!a!significant!proportion!of!the!project!was!devoted!to!developing,!and!iteratively!improving,!alignment!methods!to!develop!a!high!quality!metabolite!dataset.!The!main!driver!behind!this!study!was!to!use!advances!in!
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chromatographic!resolution!and!mass!spectrometry!technology!to!investigate!the!importance!and!dynamics!of!the!infection!metabolome,!which!had!not!previously!been!the!subject!of!such!intense!study.!By!mapping!differentially!abundant!compounds!in!virulent!compared!to!mock!inoculated!tissue,!or!in!leaves!expressing!basal!defences!we!hope!to!identify!key!compounds!or!metabolic!pathways!contributing!to!defence!or!disease!development.!It!was!anticipated!that!these!pathways!could!be!broadly!related!to!suppression!of!the!host!defences!and!metabolic!reconfiguration!induced!by!the!pathogen!to!provide!nutritional!requirements!for!growth!in!the!apoplast.!We!then!sought!to!identify!these!compounds!via!database!searching.!!
 Motivation&for&this&research&1.2Currently!over!1!billion!people!globally!are!existing!without!sufficient!food![1].!Furthermore,!it!is!predicted!that!by!2050!the!global!population!will!exceed!9!billion.![2]!consequently!there!is!considerable!pressure!to!increase!agricultural!output.!With!restrictions!on!the!area!available!for!agricultural!production,!the!focus!is!on!increasing!productivity!per!unit!area.!The!use!of!agrochemicals!to!control!pathogens!has!increased!productivity!however,!the!spread/evolution!of!resistance!can!decrease!their!efficacy![3]!and!disturbingly,!persistent!chemical!residues!can!be!found!in!our!food,!the!environment!and!bioaccumulation!within!ourselves[4–6].!Consequently,!mechanisms!that!could!combat!pathogen!activity!whilst!reducing!the!potential!side!effects!of!agrochemicals!are!preferred!for!our!future!agricultural!arsenal.!Currently,!combinations!of!cross!breeding!and!genetic!modification!are!being!utilised!to!develop!plants!which!are!resistant!to!known!biotic!stresses.!!
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 The&Pseudomonas9Arabidopsis&Pathosystem&1.3As!a!means!of!studying!the!chemical!changes!which!occur!within!a!plant!during!pathogenesis!we!select!the!model!organism!Arabidopsis*thaliana*and!the!bacteria!
Pseudomonas*syringae*pv.*tomato*DC3000.!The!PseudomonasSArabidopsis!pathosystem!was!first!studied!in!the!1980s!when!after!screening!with!P.*syringae!pathovars,!P.s.pv!tomato!DC3000!was!shown!to!cause!disease!under!laboratory!conditions![7–9].!This!presented!the!opportunity!for!a!huge!amount!of!research!effort!over!the!following!decades!in!dissecting!the!mechanisms!involved!in!plant!defence!and!bacterial!infection!processes!using!these!model!organisms.!
Plants!detect!the!presence!of!pathogens!in!the!intercellular!space!due!to!recognition!of!pathogenSassociatedSmolecularSpatterns!(PAMPs)[10–12].!!This!recognition!triggers!the!plants!basal!defence!responses!(Figure!1).!In!order!to!replicate!and!survive,!the!bacteria!need!to!gain!access!to!the!nutrients!contained!within!the!plant!cells!whilst!also!evading!or!disarming!the!defence!response!of!the!plant.!To!achieve!this!influx!of!nutrients!to!the!apoplast!the!bacteria!must!first!suppress!host!basal!defences!and!reconfigure!metabolism!appropriately.!Therefore!bacterial!phytopathogens!deliver!effector!(virulence)!proteins!into!plant!cells!through!the!type!III!secretion!system!(Figure!1)![13].!
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Figure'1'(Image'courtesy'of'Murray'Grant)'DC3000'and'hrpA.&DC3000'is'able'to'suppress'plant'
defences'by'manipulating'various'signalling'mechanism.'
In!order!to!resist!invasion!plants!have!evolved!the!ability!to!recognize!certain!virulence!proteins.!These!proteins!are!then!defined!as!avirulence!(Avr)!proteins!which!when!recognized!activate!effectorStriggered!immunity!(ETI).!ETI!will!then!initiate!the!hypersensitive!response!which!is!a!form!of!programmed!cell!death!(PCD).!Strains!such!as!DC3000!do!not!have!Avr!proteins!and!hence!are!able!to!colonise!the!plant.!DC3000!also!produces!coronatine,!which!is!a!toxin!that!acts!as!a!molecular!mimic!of!JasmonateSIsolucine!(JASIIe)!and!thus!interferes!with!the!JA!signaling!pathway[14].!Mutations!affecting!coronatine!function!lessen!the!severity!of!disease!but!do!not!stop!disease!symptoms!altogether.!Coronatine!is!therefore!considered!to!have!a!quantitative!role!in!disease!causation![15,!16].!The!involvement!of!multiple!virulence!factors!has!been!a!common!emerging!theme!over!the!past!decade!of!research,!and!it!is!now!accepted!that!effector!proteins!and!
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virulence!factors!predominately!work!in!collaboration,!producing!incremental!reductions!in!efficacy!of!the!multiSlayered!plant!defence!mechanisms.!
 Current&knowledge&of&plant&metabolomics&during&pathogen&attack&1.3.1Outside!extensive!genetic!studies!and!recent!transcriptional!profiling,!knowledge!of!the!global!mechanism!involved!in!how!plants!respond!to!pathogens,!and!how!pathogens!overcome!plant!basal!immunity!is!limited.!Much!of!the!metabolic!work!carried!out!to!date!has!been!involved!in!targeted!analysis!of!known!metabolites!such!as!the!hormones.!Therefore!an!enhanced!understanding!of!the!mechanisms!employed!by!plants!and!bacteria!during!pathogenesis!could!lead!to!the!development!of!new!natural!agrochemicals!to!either!suppress!virulence!of!the!pathogen!or!enhance!the!resistance!of!the!plant.!While!most!research!has!been!focused!on!genetic!dissection!of!immunity!and!disease,!our!understanding!of!the!range!of!small!molecules!involved!in!elaborating!disease!and!defense!responses!is!rudimentary.!Capturing!and!dissecting!the!complex!dynamics!of!the!plant!metabolome!during!pathogenesis!is!the!first!step!towards!this!goal.!!
Roughly!2800!small!molecules!have!been!identified!in!the!metabolome!of!
Arabidopsis!thaliana*of!which!only!a!small!percentage!are!thought!to!be!active!during!plant!defence.!!
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 Plant&Hormones&1.3.1.1
!
Figure'2'[12]'Plant'hormone'signalling'networks.'The'signalling'networks'are'highly'complex,'and'
intercommunication'between'different'hormones'is'key'to'the'successful'activation'of'defence.'
Pathogens'(i.e.'P.syringae)'are'able'to'hijack'certain'networks'in'order'to'suppress'defence,'these'are'
represented'by'the'purple'stars'which'indicate'pathogen'manipulation'of'the'plants'biosynthetic'
pathways..'Jasmonic!acid!(JA),!salicylic!acid!(SA),!abscisic!acid!(ABA),!auxin!and!gibberellin!are!the!key!plant!hormones.!They!play!a!major!role!in!both!biotic!and!abiotic!stress!response!through!complex!signaling!cascades.!Recent!studies!have!shown!that!these!networks!are!highly!interconnected.!This!interconnection!or!crossStalk!is!both!antagonistic!as!well!as!synergistic,!Figure!2[12],!allowing!for!a!high!level!of!control!over!the!levels!of!these!hormones.!During!the!general!life!of!a!plant,!hormone!levels!are!used!to!control!the!growth!and!life!stages.!DisSharmony[17]!in!the!hormonal!balance!can!be!used!by!either!the!plant!or!pathogen.!Subsets!of!these!hormones!are!vital!for!signaling!during!specific!stresses.!!
!
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A!great!deal!of!work!has!already!been!carried!out!on!ABA,!SA!and!JA!and!the!complex!interplay!between!these!hormones.!Pieterse!et*al![12],![18]!illustrated!that!during!pathogenesis,!bacteria!such!as!DC3000!are!able!to!directly!interact!with!the!ABA!and!auxin!networks!in!order!to!suppress!SA!signaling(Figure!2).!JA!and!SA!have!an!antagonistic!relationship,!implying!that!for!the!successful!activation!of!defence!a!careful!balance!between!these!two!hormones!is!necessary[17].!Bacteria!such!as!DC3000!are!able!to!produced!JASIIe!mimics!which!interfere!with!JA!signaling!and!hence!cause!the!JASSA!balance!to!be!disrupted.!de!Torres!Zabala!et*al![18]!illustrated!that!direct!manipulation!of!the!SA!and!ABA!pathways!leads!to!either!a!significant!increase!or!decrease!in!bacterial!growth.!This!implies!that!while!SA!is!vital!for!successful!activation!of!defence,!the!bacteria!require!ABA!as!a!method!of!plant!network!manipulation.!!
The!hormones!are!only!a!small!example!of!the!plant!metabolome.!Global!profiling!of!biosynthetic!systems!is!needed!to!further!investigate!the!other!mechanisms!which!are!involved.!!As!previously!mentioned,!the!work!described!in!this!thesis!focuses!on!an!untargeted!approach,!which!will!allows!us!to!further!dissect!the!interconnections!between!not!just!known!metabolites!but!also!gain!an!insight!into!the!unknown!metabolites!as!well.!
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 Mass&spectrometry&1.4
!
Figure'3'(Image'courtesy'of'Hannah'Florance)'Primary'mass'spectrometers'used'was'a'Agilent'6500'
series'Q<ToF.'In!order!to!carry!out!our!study!we!utilized!mass!spectrometry.!Mass!spectrometry!(MS)!is!a!technique!which!can!be!utilized!to!identify,!quantify!or!characterise!chemicals!in!a!given!sample.!A!great!deal!of!current!and!past!work!has!focused!on!the!utilization!of!MS!techniques!for!both!identifying!and!quantifying!small!molecules!and!also!proteins.!One!of!the!main!areas!that!utilizes!these!techniques,!is!medical!and!pharmaceutical!research.!MS!methods!are!commonly!used!in!these!fields!to!determine!the!persistence!or!presence!of!chemical/biomarkers.!!
For!the!purpose!of!compound!identification!nuclear!magnetic!resonance!(NMR)!is!commonly!used,!however!ion!traps!are!becoming!more!discriminative!with!advancements!in!both!mass!accuracy!and!repeat!fragmentation!techniques.!!Using!repeat!fragmentation!dissection!of!the!molecular!structure!of!a!compound!is!possible.!For!the!purpose!of!protein!identification!and!profiling,!quadruple!time!of!flight!MS!is!common,!while!for!quantification!of!both!proteins!as!well!as!small!molecules,!triple!quadruple!MS!(QQQ)!is!more!appropriate.!!
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MS!measures!the!mass!to!charge!ratio!(m/z)!of!compounds!present!within!the!sample!in!order!to!estimate!their!molecular!mass.!The!mass!of!large!molecules!such!as!peptides!can!be!measured!to!an!accuracy!less!than!20ppm!which!is!accurate!enough!to!reveal!variations!in!amino!acid!composition!and!allow!de*novo!protein!sequencing.!With!current!advances!in!mass!spectrometric!technologies,!small!organic!molecules!can!typically!be!measured!in!a!high!throughput!manner!with!an!accuracy!of!5ppm!or!less,!which!is!often!sufficient!to!identify!the!molecular!formula.!!Advancing!MS!technology!is!employed!across!industry!and!academia!to!address!questions!as!diverse!as!monitoring!biomarkers!of!environmental!pollution[19],!to!revealing!the!function!of!unknown!genes![20,!21].!!!
 Different&types&of&Mass&Spectrometry&1.4.1A!mass!spectrometer!consists!of!three!basic!components:!an!ionization!source,!an!analyzer!(e.g.!quadrupole/!time!of!flight)!and!a!detector!(e.g.!photomultiplier/!electron!multiplier).!The!sample!is!introduced!into!the!MS,!where!it!is!first!ionized!,!then!accelerated!by!an!electric!field!to!determine!the!mass!to!charge!ratio.!Many!variations!are!available!for!these!fundamental!components!to!allow!the!user!to!target!different!compounds!of!interest.!In!this!study!a!QtoF!(Figure!1)!was!primarily!utilized,!however!the!initial!study!focused!on!the!use!of!a!nominal!mass!ion!trap!QQQ![22,!23].!!
 Sample&Injection&1.4.2There!are!three!main!methods!for!sample!injection,!direct!injection!or!online!gas!(GC)!or!liquid!(LC)!chromatography.!As!noted!by!Ward!et*al![24]!the!biological!mixture!is!highly!complex,!and!using!direct!injection!has!limited!utility.!During!the!first!course!of!the!study!our!collaborators!utilized!GC!for!separation![24].!GC!is!mostly!used!to!separate!volatile!chemicals,!whilst!LC!is!used!for!separating!both!
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volatile!and!nonSvolatile!compounds!(Mass!Profiler,!Agilent!technologies,!Palo!Alto,!USA).!Ward!et*al.![24]!discuss!the!use!of!LC/MS!for!analysis!of!the!Arabidopsis/*
Pseudomonas!interaction!and!highlight!some!differential!metabolites.!During!this!study!work!was!carried!out!on!their!data!set!(Chapter!2).!!
Liquid!chromatography!(LC)!is!a!technique,!which!has!been!used!for!many!decades.!It!enables!the!separation!of!compounds!based!on!their!polarity!and!partitioning!with!a!solid!matrix.!For!coupling!with!mass!spectrometry!high!performance!LC!(HPLC)!is!used.!!!
 LC&Columns&and&mobile&phase&1.4.2.1Various!forms!of!LC!columns!exist.!Each!employs!a!host!of!different!chemistries.!In!this!study!a!Zorbax!StableBond!C18!1.8,!2.1x100!mm!reverse!phase!analytical!column!(Agilent!Technologies,!Palo!Alto,!USA)!was!used.!!!
The!stationary!phase!is!nonpolar,!therefore!the!mobile!phase!is!an!aqueous/organic!solvent!mix!which!in!this!study,!was!acetonitrile/water.!Depending!on!the!mode!of!ionisation,!a!modifier!such!as!formic!acid!may!be!added.!When!using!reverse!phase!(RP)!chromatography,!buffer!A!is!aqueous!and!B!is!organic.!The!ratio!of!the!two!buffers!is!changed!over!time!so!that!compounds!of!increasing!hydrophobicity!which!show!a!strong!affiliation!with!the!nonpolar!stationary!phase!gradually!become!solubilised!as!the!organic!proportion!of!mobile!phase!increases.!With!the!A!mixture!being!5%!acetonitrile!0.1%!formic!acid!and!the!B!mixture!being!95%!acetonitrile!and!0.1%!formic!acid.!
There!are!various!methods!for!changing!the!ratio!of!solution!A!to!solution!B.!For!the!purpose!of!this!work!a!linear!gradient!was!used.!Initially!we!start!with!100%!of!A!and!0%!of!B,!and!gradually!increase!to!0%!A!and!100%!B.!!
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 Ionisation&Techniques&1.4.3
!
Figure'4'[25]'A'highly'simplified'diagram'of'ion'formation'in'electrospray'ionisation'(ESI).'There!are!a!variety!of!ionisation!methods!which!can!be!utilized![22],![23],!Two!of!the!most!commonly!used!today!are!electroSspray!ionisation!(ESI)![26]and!matrix!assisted!laser!desorption!ionization!(MALDI)[22],![23].!During!the!initial!study,!both!ESI!and!atmospheric!pressure!chemical!ionization(APCI),!were!used.!For!the!major!part!of!this!study,!ESI!was!the!only!ionization!technique!used.!!
A!strong!electric!field!is!generated!by!applying!a!potential!difference!of!1.5S5kV!between!the!capillary!(i.e.!the!needle!tip!where!the!HPLC!eluent!is!emitted!as!a!spray),!and!the!counterSelectrode!at!atmospheric!pressure.!Flow!rates!are!typically!less!than!0.5!ml/min!for!ESI!and!~1S10 for!nanoESI.!Highly!charged!droplets!are!formed!from!the!Taylor!cone.!Charges!accumulate!at!the!surface!and!coulombic!repulsion!causes!them!to!break!up!into!increasingly!smaller!droplets.!A!drying!gas!(normally!nitrogen)!is!used!to!evaporate!the!HPLC!solvent!from!the!charged!particles,!aiding!droplet!shrinkage!in!the!process.!Due!to!the!potential!difference,!the!particles!are!propelled!towards!the!counterSelectrode!and!into!the!mass!spec.!
µl / min
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 Ionization&1.4.3.1Two!forms!of!ESI!are!possible!depending!on!the!field!generated.!The!chemistry!of!a!molecule!within!the!sample!will!determine!whether!it!ionises!with!a!negative!or!positive!charge.!Molecules!which!ionise!negatively!can!either!lose!a!proton!or!gain!a!chlorine/bromine!atom.!The!latter!form!of!ionization!is!known!as!adduct!formation.!Most!negatively!charged!organic!ions!are!formed!from!compounds!which!have!an!hydroxyl!(SOH)!group!which!is!where!the!proton!is!lost.!Molecules!which!ionise!positively!can!either!gain!a!proton,!or!similar!to!the!negative!ionization!mode,!form!adducts.!Common!adducts!include!potassium!(K+),!sodium!(Na+),!or!an!ammonium!(NH4+)!ions.!Positively!ionizing!molecules!must!contain!a!proton!accepting!functional!group,!a!common!one!being,!NH2.!Therefore,!in!order!to!capture!as!many!compounds!!as!possible,!both!ionization!methods!are!used.!
 Output&and&Isotope&distribution&1.4.4The!output!from!LCSMS/MS!is!a!total!ion!chromatogram!(TIC)!detailing!the!spectra!of!features!with!unique!massStoScharge!ratios!(m/z)detected!at!each!retention!time!(RT),!as!illustrated!by!!Figure!4.!The!RT!is!the!elapsed!time!between!injection!of!the!sample!and!the!elution!of!a!molecule.!Each!unique!feature!has!isotopes!and!possibly!adducts.!The!abundance!variation!of!isotopes!can!be!used!to!generate!putative!chemical!formulae![27],![28].!
!
!
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!
!Figure!4!Total!Ion!chrom
atogram
!(TIC)!and!line!spectra.!D
econvolution!of!the!line!spectra!com
bines!isotopes!and!adducts!to!calculate!the!final!feature!w
hilst!rem
oving!
calibration!m
asses.!Adduct!and!isotope!spacing!is!calculated!w
ith!a!7ppm
!error.!The!difference!in!m
ass!betw
een!501.2693!and!523.2524!is!21.9831,!identifying!the!second!
peak!as!a!sodium
!adduct!of!the!first..!!
!
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 Deconvolution+1.4.4.1Each!TIC!contains!a!large!number!of!spectra,!and!each!spectrum!contains!a!number!ions,!as!illustrated!in!!Figure!4.!Not!all!the!ions!which!are!found!in!a!spectrum!are!unique,!a!large!portion!of!these!ions!are!in!fact!either!isotopes,!adducts!or!reference!masses.!The!Agilent!molecular!feature!extraction!(MFE)!algorithm!is!one!of!the!most!advanced!deconvolution!algorithms!which!is!currently!available.!MFE!uses!peak!spacing!to!combine!adducts!and!isotopes.!
 The$nature$of$compounds$1.4.5The!general!properties!of!features!extracted!by!LCIMS/MS!can!be!categorised!on!the!basis!of!the!ionisation!mode!in!which!a!feature!is!detected!(as!previously!discussed)!which!reveals!its!chemical!tendency!to!gain!or!lose!a!proton.!
Additionally,!the!RT!indicates!the!hydrophobicity!of!the!molecule!in!question.!The!level!of!hydrophobicity!of!a!feature!is!determined!by!its!overall!electrical!dipole.!Compounds!which!have!bonds!with!a!high!difference!in!electronegativity!are!generally!highly!polar.!!
 Example+1:+Salicylic+acid,+RT+~11.5mins,+negative+ionization+1.4.5.1
! !
!Figure!5!(left)!The!chemical!structure!of!Salicylic!acid.!(Right)!The!chemical!structure!of!Gamma!
aminobutyric!acid!
The!chemical!structure!of!Salicylic!acid!is!shown!in!Figure!5(left).!!The!bonds!in!the!benzene!ring!have!very!small!differences!in!their!electronegativity!causing!the!
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substructure!to!be!nonpolar,!while!=O!and!–OH!functional!groups!both!have!bonds!with!high!electronegative!differences,!hence!making!these!substructures!polar.!Due!to!the!overall!size!of!the!benzene!ring!and!density!of!the!nonpolar!bonds,!SA!has!a!higher!affinity!for!the!nonpolar!stationary!phase.!Therefore!SA!has!a!relatively!late!retention!time.!
 Example+2:+GABA,+RT+≤+1min,+negative+ionization+1.4.5.2The!chemical!structure!of!GABA!is!shown!in!Figure!5!(Right).!GABA!is!known!to!be!highly!polar,!and!this!is!due!to!the!fact!that!both!the!number!of!nonpolar!bonds!and!the!size!of!the!nonpolar!substructure!is!small.!As!a!result,!GABA!has!a!high!affinity!for!the!polar!mobile!phase!and!will!therefore!elute!very!early.!
 Extraction$media$1.5Various!extraction!buffers!can!be!used!to!target!different!classes!of!compounds,!and!slight!variations!in!buffer!conditions!favour!specific!chemicals.!For!example!the!extraction!of!sugars!would!be!best!achieved!using!an!aqueous!buffer,!and!nonIpolar!compounds!with!a!highly!organic!buffer.!
HPLC!column!chemistry!is!important!for!efficient!separation!of!the!extracted!compounds.!If!an!incorrect!column!is!used!then!the!peak!resolution!of!these!compounds!will!be!poor.!
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!
Figure!6!Number!of!aligned!consensus!features!for!different!extraction!buffer!conditions.!10%!
methanol!(shown!in!blue)!generated!507!aligned!consensus!features,!while!80%!methanol!(shown!in!
red)!generated!1088!consensus!features.!!
In!order!to!determine!the!most!appropriate!extraction!buffer,!preliminary!experiments!were!carried!out.!The!use!of!10%!methanol!extraction!buffer![29]!did!not!yield!a!large!number!of!aligned!features.!Figure!6!illustrates!the!number!of!aligned!consensus!features!which!were!found!(here!an!aligned!consensus!feature!is!one!which!is!present!more!than!a!single)!using!an!80%!methanol!extraction!was!almost!double!that!of!the!10%!method.!
Compounds!which!elute!between!0I1.5!mins!are!in!what!is!called!the!‘solvent!front’.!During!this!stage!it!is!very!hard!to!resolve!peaks!with!regards!to!both!deconvolution!and!alignment.!The!10%!extraction!buffer!yields!a!large!number!of!features!which!elute!in!this!range,!while!the!80%!extraction!buffer!picks!up!more!features!which!span!the!whole!gradient.!
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 The$MS$output$1.6The!TIC!contains!all!the!m/z’s!measured!in!the!solution![29].!However,!as!discussed!in!section!1.4.4,!due!to!the!nature!of!ionisation!through!ESI,!adduct!formation!is!common.!Deconvolution!of!the!TIC!removes!this!redundant!information!and!outputs!the!neutral!masses!of!the!unique!features!measured!(!Figure!4).!!Approximately!6000!unique!features!were!routinely!detected!in!the!negative!mode!and!9000!in!positive.!The!output!contains!the!mass!of!each!unique!feature,!its!RT!and!abundance!within!the!sample!(simple!output).!
 Data$analysis$1.7Biological!replicates!are!an!intrinsic!part!of!experimental!design!in!order!to!account!for!natural!biological!variation.!Additionally,!technical!replicates!were!run!in!which!the!same!sample!was!injected!multiple!times!in!order!to!determine!the!influence!of!instrument!error!on!the!dataset.!Each!injection!of!biological!and!technical!replicates!produced!a!dataset!of!many!thousands!of!unique!features. 
In!order!to!analyze!multiple!experiments!consisting!of!multiple!datasets!the!data!must!be!aligned.!Alignment!(Chapter!3)!is!required!firstly!because!differing!experimental!conditions!(Chapter!2)!influence!different!biosynthetic!pathways,!which!causes!the!synthesis!of!metabolites!that!would!otherwise!be!present/absent!in!the!control.!Secondly,!variations!in!RT,!mass!and!detection!can!occur.!Mass!variation!occurs!due!to!machine!error.!RT!variation!can!occur!due!to!slight!fluctuations!in!column!temperature,!age!and!mobile!phase.!Detection!errors!can!occur!due!to!a!variety!of!reasons!including!biological!variation,!technical!variation,!ion!suppression!and!random!effects!(Chapter!4).! 
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A!variety!of!alignment!methodologies!are!currently!available.!However!these!were!found!to!be!incapable!of!aligning!MS!data!with!high!accuracy,!therefore!an!alignment!algorithm!capable!of!compensating!for!a!large!proportion!of!the!known!issues!was!developed!(Chapter!3).!
Post!processing!of!data!is!required!in!order!to!reduce!the!amount!of!noise!present!in!the!data.!This!is!carried!out!by!applying!a!set!of!statistical!filters!to!remove!noise!(Chapter!4). 
After!noise!removal,!missing!value!imputation!is!applied!so!that!statistical!analysis!and!mathematical!modeling!can!be!carried!out.!A!Expectation!Maximisation!(EM)!baseline!calculation!and!kNN!imputation!method!was!used!for!missing!value!imputation!(Chapter!4).!Unlike!many!datasets,!a!mass!profile!of!different!experimental!samples!gives!rise!to!a!large!percentage!of!missing!values.!While!missing!values!cause!problems!with!respect!to!theoretical!considerations!for!downstream!data!analysis,!these!may!often!represent!unique!molecules!induced!(or!repressed/catabolized)!as!a!direct!consequence!of!the!treatment!(infection!process).!Therefore,!careful!imputation!of!missing!values!is!necessary!in!order!not!to!bias!the!data. 
Once!postIprocessing!of!the!data!has!been!carried!out!we!are!then!able!to!apply!statistical!and!mathematical!modeling!to!determine!the!key!features!and!inherent!patterns!(Chapter!5).!
The!overriding!objective!in!developing!this!methodology!was!to!have!a!routine!method!to!examine!the!metabolomic!changes!associated!with!a!specific!biological!treatment/perturbation.!Therefore,!in!order!to!understand!the!underlying!biological!processes,!putative!metabolite!identification!was!then!applied!to!key!
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discriminating!features.!Known!compounds!were!then!further!examined!to!attempt!to!validate!their!role!in!the!infection!process!by!combining!transcriptional!profiling!data!with!MS!data!in!order!to!confirm!the!identity!of!key!metabolites.!Putative!identification!was!carried!out!in!two!stages:!firstly,!database!searching!using!BioCyc!and!AraCyc!and!secondly,!accurate!mass!with!isotope!distribution!analysis!to!validate!the!mapped!features!(Chapter!6).!
 Challenges$of$MS$analysis$1.8In!the!post!genomic!era!understanding!the!metabolome!has!been!heralded!as!the!holy!grail!of!biochemistry[30].!It!is!only!in!the!last!ten!years!that!metabolomic!studies!have!risen!from!a!theoretical!concept!to!mainstream!usage.!The!relevant!technological!and!analytical!method!development!has!not,!however,!been!without!difficulty,!and!many!hurdles!remain!that!currently!restrict!our!capacity!to!unravel!the!secrets!of!the!metabolome.!Technological!development!has!often!outpaced!the!ability!of!researchers!to!interpret!and!utilize!the!large!volumes!of!available!data.!In!particular,!novel!methodological!development!combined!with!exploitation!of!untargeted!metabolomics!will!be!necessary!to!reveal!the!complete!biochemical!dynamics!of!any!given!organism!during!any!given!stimuli.!
.! !
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 Introduction$2.1This!chapter!will!cover!the!experimental!design!and!the!types!of!mass!spectrometers,!which!were!utilized!during!the!course!of!this!research!project.!It!will!provide!a!brief!overview!of!the!results!obtained!from!the!initial!study!utilizing!Applied!Biosystems!QItrap!2000!QQQIMS/MS.!A!detailed!explanation!on!the!methodology!used!for!statistical!analysis!is!covered!in!chapter!5.!
The!initial!study!on!the!P.&syringaeIArabidopsis&pathosystem,!introduced!the!candidate!to!the!concepts!of!mass!spectrometry!and!utilized!a!novel!binning!approach!to!increase!the!number!of!compounds!detected.!This!data!was!extracted!from!a!nominal!mass!TripleIQuadrupleIMSIMass!Spec!(QQQIMS/MS!–!Applied!Biosystems!QItrap!2000).!The!analysis!of!this!data!involved!two!approaches,.!
(i) Identification!of!significant!ions!through!statistical!analysis!and!analysis!of!the!patterns!which!emerged.!(ii) !Followed!by!modeling!the!overlap!of!the!significant!ions!using!venn!diagrams.!
During!the!course!of!this!study!new!advances!in!the!field!of!Mass!Spectrometry!led!to!the!acquisition!of!an!accurate!mass!Quadruple!time!of!Flight!(QITof)!Mass!Spec.!This!increased!mass!sensitivity!allowed!for!the!use!of!databases!for!compound!identification,!as!well!as!the!generation!of!putative!molecular!formula!(using!the!embedded!Agilent!software!Masshunter©).!Due!to!the!significant!body!of!preliminary!work!carried!out!on!the!nominal!mass!data!we!were!very!confident!in!the!existence!of!unique!patterns,!and!discriminate!compounds,!hence!a!large!time!series!experiment!was!carried!out!to!determine!the!temporal!nature!of!the!patterns!as!well!attempting!to!identify!the!discriminate!compounds.!!
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This!chapter!comprises!three!parts.!The!first!gives!a!detailed!description!of!the!wet!lab!experimentation!which!was!carried!out,!the!second!covers!the!full!list!of!results!for!the!nominal!massIQQQ!data!and!the!third!addresses!the!motivation!behind!further!experimentation!via!the!use!of!high!resolution!time!series!analysis.!!
 Wet$Lab$Experimentation$2.2The!purpose!of!this!research!is!to!determine!the!small!molecular!compounds!and!associated!patterns!which!are!involved!in!plant!pathogenesis,!and!to!resolve!whether!these!compounds!are!involved!in!or!contribute!to!the!infection!processes!or!are!a!part!of!the!plants!defense!mechanism.!In!order!address!this!question!an!experiment!was!designed!to!highlight!the!biochemical!changes!which!occur!during!infection.!!
Using!already!available!transcriptional!data,!3!time!points!were!selected!as!possible!points!at!which!significant!changes!occur.!Arabidopsis!thaliana!ColumbiaI5!(ColI5)!was!the!model!plant!used,!and!Pseudomonas!syringae!p.v.&tomato!the!model!bacterial!pathogen.!!
ColI5!seeds!were!sown!into!Levington’s!F2!compost!(JFC!Munro,!Devon;!http://www.jfcmonro.com)!and!stratified!at!4°c!for!2!days.!After!2!days!plants!were!allowed!to!grow!for!a!further!12!days.!Individual!plants!are!pricked!out!and!grown!under!short!day!conditions!(10h!light)!at!22I18°c!(dayInight)!with!60%!relative!humidity!for!5I6!weeks.!After!5I6!weeks!of!growth!plants!are!inoculated!with!Pseudomonas!syringae!pv.!tomato!DC3000!(wildItype)!and!the!hrpA!mutant![29]!at!0.15!optical!density!using!a!needless!syringe.!Leaves!were!cut!from!plants!(at!the!desired!time!point)!at!the!base!of!the!lamina!(to!omit!petioles!from!the!analysis),!snapIfrozen!in!liquid!nitrogen,!and!freezeIdried!before!storage!at!!I80°c.!!
! 42!
The!time!points!used!fro!the!initial!experiment!using!the!nominal!mass!Qtrap!were!8h,!12h!and!18hs.!Each!time!point!contained!three!treatments,!DC3000,!hrpA&and!mock!treatments,!each!treatment!contained!7!replicates.!These!were!selected!because!of!work!carried!out!into!the!transcriptional!changes!which!were!seen!via!the!utilization!of!Affymetrix!gene!chips[24],![29]!!
We!then!followed!this!experiment!with!a!high!time!resolution!experiment!taking!0h,!2h,!4h,!6h,!8h,!10h,!12h,!14h,!16h,!and!17.5h.!!Similar!to!the!initial!work!we!had!three!treatments!for!each!time!point,!DC3000,!hrpA&and!mock!with!5!replicates!in!each.!
 Sample$Extraction$2.3After!freeze!drying!the!samples!were!then!placed!in!a!2ml!tube!and!ground!in!a!bead!beater!for!2mins.!The!10mg!of!ground!tissue!was!weighted!into!a!1.5ml!tube.!
 Initial$Study$2.3.1For!the!initial!study!the!10mg!of!the!freeze!dried!tissue!was!then!extracted!in!a!10%!methanol!1%!acetic!acid!buffer.!The!final!volume!was!800ml!of!extracted!solution.!The!extraction!method!followed!Forcat!et&al![31].!
 High$resolution$time$course$2.3.2The!10mg!of!freeze!dried!tissue!was!extracted!in!400ml!of!80%!methanol!buffer!with!7.2ng/ml!umbeliferone!spiked!at!a!1:500!ratio!(extraction!buffer!A).!This!extraction!was!then!vortex!for!5!min,!left!to!stand!in!ice!for!30!min,!then!vortex!to!ensure!the!mixture!was!homogenized.!Following!this!the!samples!were!spun!in!a!centrifuge!at!13,000g!for!10min!at!4°C.!the!supernatant!was!carefully!removed!and!put!into!a!1.5ml!tube.!The!remaining!pellet!was!reIextracted!with!400ml!of!80%!methanol!(extraction!buffer!B),!then!vortexed!for!5min,!incubated!on!ice!for!30,!
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then!vortexed!and!centrifuged.!The!supernatant!removed!and!pooled!with!the!first!extraction.!!
Both!sets!of!samples!were!filtered!through!a!unsterile!0.22!micron!filter!to!remove!any!small!particulate!matter!which!might!cause!a!blockage!in!the!system.!
 Machine$Setup$$2.4
 Nominal$Mass$QQQBMS/MS$(nmBQQQBMS/MS)$2.4.1Mark!Bennett,!a!collaborator!at!Imperial!College!therefore!developed!a!novel!binning!method!on!an!Applied!Biosystems!QITrap!2000!ion!trap!mass!spectrometer.!In!this!method,!HPLC!was!utilized!in!order!to!first!separate!the!compounds!with!respect!to!their!hydrophobicity.!The!TIC!was!split!into!a!total!of!12!“bin!windows”!ranging!from!25!amu’s!for!small!compounds!(<!400!amu)!and!100!amu’s!for!larger!compounds.!!
Samples!were!analyzed!by!HPLCIelectrospray!ionization/MSIMS!using!Agilent!1100!HPLC!coupled!to!an!Applied!Biosystems!QITrap!2000.!Chromatography!separation!was!carried!out!on!a!3!mico!meter!C18!100mm!x!2.0mm!column!at!35°C.!The!solvent!gradient!was!100%A(!94.9%!water,!5%!CH3CN,!0.1%!CHOOH)!to!100%B!(5%!water,!!94.9%!CH2CH,!0.1%!CHOOH)!over!a!20min.!Solvent!B!is!held!at!100%!for!5!mins!followed!by!a!10!min!equilibration!time!with!100%!solvent!A.!The!flow!rate!was!200!μl/min.!The!first!2!min!of!the!run!were!put!to!waste!as!this!make!up!the!solvent!front.!
 Accurate$Mass$QtoFBMS/MS$2.4.2Samples!were!analysed!by!HPLCIelectrospray!ionization/MS!using!Agilent!1200!rapid!resolution!HPLC!coupled!!Agilent!QToF!6520!MS.!5!µl!of!sample!extract!was!
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loaded!onto!a!Zorbax!StableBond!C18!1.8!µm,!2.1!x!100!mm!reverse!phase!analytical!column!(Agilent!Technologies,!Palo!Alto,!USA).!The!same!solvent!gradient!was!used,!however!a!different!gradient!method!was!used:!0!min!–!0%!B;!1!min!–!0%!B;!5!min!–!20%!B;!20!min!–!100%!B;!30!min!–!100%!B;!31!min!–!0%!B;!7!min!post!time.!The!flow!rate!was!0.25!ml/min!and!the!column!temperature!was!held!at!35°C.!!
 Results$2.5Discriminate!techniques!were!applied!to!the!infection!model!timeIcourse!data!in!order!to!extract!significant!ions!and!to!determine!what!structure!and!patterns!existed!within!the!data!(see!Chapter!6).!Probability!density!estimation!(PDE)!was!employed!to!extract!the!discriminate!ions!(see!Chapter!6),!revealing!significant!overlap!between!time!points!during!disease!development.!!
 Discriminate$Feature$extraction$2.5.1The!Venn!diagram!shown!in!Figure!7!illustrates!the!overlap!of!significantly!discriminate!ions!(both!positive!and!negative!modes)!associated!with!an!infection!model!(i.e.!DC3000!vs!hrpA),!a!large!portion!of!the!8!and!18!negative!hpi!significant!features!are!not!unique!to!that!time!point.!It!is!important!to!note!the!differences!in!total!data!size;!the!8!and!18!hpi!negative!datasets!comprised!~8000!and!~10,000!data!points!respectively,!whereas!the!12hpi!data!set!was!made!up!of!>40,000!ions.!In!general!however!we!notice!that!there!are!a!greater!number!of!compounds!which!readily!lose!a!hydrogen!(negative!ion!mode)!which!are!similar!between!the!time!points!illustrated!by!the!overlap!percentage,!while!the!compounds!which!readily!gain!a!hydrogen!(positive!ion!mode)!have!less!total!overlap.!!!
!
!
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This!could!indicate!either!that!the!plant!defense!response!comprises!a!large!component!of!acidic!compounds!whereas!a!large!number!of!“transient”!non:acidic!compounds!result!from!perturbation!caused!by!T3Es!as!the!bacteria!attempt!to!gain!a!foothold!within!the!plant.!We!know!that!certain!acidic!compounds!such!as!JA!are!used!by!DC3000![32]!to!overcome!plant!defense!responses,!or!suppressed!(e.g.!salicylic!acid)!therefore!this!is!a!plausible!hypothesis.!This!data!had!a!large!amount!of!redundancy!in!the!form!of!isotopes,!adducts,!and!fragments,!this!coupled!with!the!inability!to!identify!these!compounds!directly!meant!that!validation!was!difficult.!
A!complete!list!of!the!significant!features!for!both!the!DC3000!vs!hrpA%and!hrpA%vs!mock!for!both!ionization!modes!can!be!found!in!the!supplementary!materials!provided.!Nominal!Mass!Chapter!2!folder!inside!the!Significant!features!directory!contains!a!file!for!each!compassion!with!approximate!names.!The!values!reported!for!each!for!each!features!are!log2!transformed!peak!abundances.!
 Conclusion)2.6Following!the!work!carried!out!using!the!nm:QQQ!data,!some!very!well!conserved!patterns!were!highlighted.!From!this!result!four!questions!arose,!!
1) How!many!of!these!significant!ions!were!real!and!how!many!were!simply!duplication!due!to!the!presence!of!fragment!ions?!2) What!are!the!identities!of!these!precursors?!3) Is!there!a!temporal!nature!to!the!patterns?!4) Can!a!link!be!drawn!between!gene!transcription!and!metabolic!pathway!activation?!
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In!order!to!answer!these!questions!a!large!time!series!experiment!was!designed!in!conjunction!with!the!recently!established!consortium!Plant!Response!to!Environmental!Stress!in!Arabidopsis!(PRESTA!project).!A!total!of!9!time!points!were!chosen,!including!the!0h!time!point,!which!would!assist!in!false!discovery!reduction.!The!same!treatments!were!used!as!in!the!original!experiment,!however!unlike!the!original!experiment!this!was!done!using!an!Agilent 6520 QTOF LC-MS!which!offers!faster!scan!times!and!better!mass!accuracy!and an 80% methanol 
extraction buffer allows us to capture a large portion of polar and non-polar 
metabolites.!
The!Agilent!©®!made!Qtof:MS/MS!was!used!to!extract!the!data!and,!as!with!the!analyses!on!the!Applied!Biosystems!Q:Trap!2000!HPLC!using!a!C:18!was!first!used!to!separate!the!ions.!!
The!Agilent!proprietary!software!Masshunter®!has!a!built!in!deconvolution!algorithm!(the!parameters!used!will!be!discussed!in!the!following!chapter)!which!allows!for!the!removal!of!adducts,!isotopes!and!fragments.!The!downside!of!this!software!is!the!absence!of!a!reliable!alignment!package.!A!variety!of!free!and!commercial!packages!are!available!however!they!did!not!produce!a!robust!enough!alignment!a!new!algorithm!was!therefore!developed!(Chapter!3).!! !
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 Introduction)3.1Peak/feature!alignment!is!required!in!order!to!run!comparative!analysis!and!mathematical!modeling.!Various!algorithms!are!available!for!data!alignment;!these!methods!can!be!classified!into!two!groups.!The!first!are!the!algorithms!which!attempt!to!align!the!raw!spectra!and!then!apply!a!deconvolution!algorithm!to!remove!redundant!information.!The!second!approach!is!basically!the!reverse,!where!the!alignment!is!in!fact!carried!out!on!data!which!is!made!up!of!only!features!that!are!considered!to!be!unique!and!all!peaks!which!are!classified!as!isotopes,!adducts!or!multimers!of!the!unique!features!have!been!removed.!A!large!number!of!packages!are!available!both!as!freeware!as!well!as!commercial!mass!profile!alignment![33–37].!With!the!increasing!interest!in!the!use!of!untargeted!metabolite!profiling!for!comparative!analysis!there!is!a!great!need!for!an!alignment!algorithm!which!is!able!align!a!large!number!of!data!sets!at!‘high!accuracy’!but!is!also!able!to!carry!out!the!alignment!in!a!reasonable!time!frame.!Little!discussion!will!be!given!to!the!packages!discussed!by!Lange![35].!Agilent!also!supplied!an!alignment!package,!which!after!rigorous!testing!we!found!that!it!did!not!produce!reliable!alignments,!this!will!be!explained!in!detail!later.!!
A!large!number!of!packages!currently!available!carry!out!feature!selection!prior!to!alignment,!however!only!a!few!implement!a!deconvolution!step.!In!down!stream!analysis!this!step!can!be!very!important!as!it!removes!redundant!information!which!is!otherwise!present.!Agilent!Masshunter!(Mass!Profiler,!Agilent!technologies,!Palo!Alto,!USA)!has!a!built!in!feature!selection!and!deconvolution!algorithm!and!is!carried!out!during!molecular!feature!selection!(MFE).!Irrespective!of!which!deconvolution!algorithm!is!used!one!main!problem!is!the!misclassification!of!ions.!!
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In!order!to!overcome!the!identified!issues!an!alignment!algorithm!was!developed!which!would!take!text!files!and!align!them!according!to!their!accurate!mass!and!retention!time.!In!this!chapter!the!results!from!the!testing!of!Kernel!based!Feature!Alignment!(KFA)!will!be!presented,!and!a!comparison!will!be!given!with!respect!to!the!Agilent!software.!!!
 Alignment)3.2Explanations!of!both!Mass!Profiler!(MPr),!the!Agilent!alignment!and!Kernel!based!feature!alignment!(KFA)!will!be!based!upon!the!following!scenario:!We!defined!a!2!dimensional!vector! ix X∈ !(and! jy Y∈ ),!such!that! { , }i ix xix r m= ,!where! ixr !and! ixm !are!the!retention!time!and!mass!of! ix respectively.!!We!assume!that! X !and!Y !have!N!and!M!peaks.!!!
 GeneSpring)MS(GS))&)Mass)Profiler(MPr)))3.2.1GS!and!MPr!use!the!same!alignment!algorithm,!this!algorithm!uses!a!nearest!neighbour!approach!for!data!alignment.!Consider!two!data!points! ix and jy ,!we!say!that!these!two!points!align!if!!
| |i jx y ε− ≤ ! (!1!)!Where!ε !is!an!error!vector!whose!components!are!the!maximum!expected!RT!and!Mass!variances.!The!error!vector!is!defined!as,!
,
,
i j i
i j i
m a b i
r a b i
M M m
R R r
ε
ε
= +
= +
x y x
x y x
!
(!2!)!
Such!that! aR and! aM !are!the!fixed!variances!for!the!retention!time!(RT)!and!mass!respectively!(Mass!Profiler,!Agilent!technologies,!Palo!Alto,!USA)!between!two!runs.!MPr!has!the!ability!to!compensate!for!a!linear!increase!in!the!error!
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proportional!to!the!reported!RT!and!mass,!this!is!carried!out!by!the!additional!terms!!!!&! ! ,!these!values!are!given!as!percentages!(i.e.!gradients!(Mass!Profiler,!Agilent!technologies,!Palo!Alto,!USA))!of!change.!For!all!LC:MS!runs,!a!shifting!error!has!been!observed!this!shifting!error!will!be!non:linear.!MPr!does!not!handle!non:linear!retention!time!shifting!rather!it!assumes!that!the!RT!is!shifting!in!a!linear!manner.!This!assumption!can!lead!to!incorrect!alignments,!using!a!fixed!RT!variance!on!the!other!hand!can!be!a!far!more!reliable!method!(in!this!case),!hence!the!variable!RT!variance! bR !is!set!to!zero!and!the!alternative!method!of!‘RT!Correction’!is!used.!An!in:depth!explanation!of!the!method!applied!during!RT!correction!can!be!found!in!help!documentation!of!MPr,!or!through!Agilent!!(Mass!Profiler,!Agilent!technologies,!Palo!Alto,!USA).!It!is!reasonable!to!assume!that!the!mass!error!is!directly!proportional!to!the!reported!mass.!However!the!use!of!a!fixed!mass!shift!cannot!be!accurately!calculated!without!prior!knowledge!of!the!compounds!that!are!present!in!the!solution!therefore!the!fixed!mass!error! aM !is!set!to!zero.!
After!many!tests!it!was!found!that!MPr!did!not!have!high!alignment!accuracy!(this!will!be!discussed!later).!The!research!focused!on!the!identification!of!features!which!are!differentially!regulated!due!to!pathogen!infiltration.!This!response!is!measured!in!two!forms,!the!infection!response,!which!is!induced!by!bacterial!colonization!of!the!plant,!and!the!defense!response,!which!is!induced!by!PAMPs!and!secondary!signaling.!Many!of!the!features!which!are!detected!via!LC:MS!are!active!in!all!the!treatments,!these!are!not!response!specific!metabolites!(see!Chapter!1).!When!alignment!using!MPr!was!carried!out!a!great!number!of!features!which!were!consistently!present!across!experiments!were!not!aligned.!This!led!to!
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these!features!being!classified!as!statistically!significant!even!though!this!is!incorrect.!
Definition%1. False%Positive:%A%feature%that%the%alignment%method%reports%as%
significant%which%is%found%not%to%be%significant%when%the%
expression%of%the%feature%is%considered.%
The!principle!goal!of!untargeted!metabolite!profiling!at!the!current!time!is!to!find!statistically!significant!features!for!further!analysis.!Therefore!the!presence!of!false!positives!will!lead!to!the!formulation!of!false!hypotheses.!
 Kernel)based)Feature)Alignment)(KFA))3.2.2Due!to!the!low!accuracy!and!the!presence!of!false!positives!in!the!MPr!aligned!data!an!alternative!alignment!method!was!sought.!However!no!alignment!method!was!available!that!was!able!to!consistently!reduce!false!positives,!reduce!redundant!information!(in!the!form!of!adducts!and!isotopes)!and!align!large!experimental!datasets!at!linear!time.!Consequently!a!novel!alignment!algorithm!was!developed!to!meet!these!criteria.!
KFA!does!not!follow!the!same!principles!as!MPr.!KFA!initially!uses!sequential!pair:wise!alignment,!followed!by!an!optimization!stage!which!considers!the!global!data.!The!algorithm!utilizes!nearest!neighbour!clustering!to!find!those!features,!which!are!a!minimum!distance!from!a!given!cluster.!This!is!then!followed!by!kernel!density!approximation!to!update!the!mean!and!standard!deviation!(this!is!discussed!later)!of!the!alignments/clusters!with!the!new!information!obtained!from!the!nearest!neighbor!clustering!step.!These!steps!are!repeated!for!each!new!dataset.!The!optimization!stage!then!seeks!those!clusters!which!are!misalignments!and!attempts!to!remove!them.!!
! 53!
KFA%defines!each!unique!feature!by!its!own!kernel,!which!allows!for!the!prediction!known!centres!with!high!accuracy!which!we!will!discuss!in!full!later.!This!discrete!method!allows!for!the!reduction!of!mis:alignments!by!allow!each!individual!feature!to!have!its!own!unique!function.!This!further!allows!KFA!to!reduce!the!affect!of!non:linear!retention!time!drift.!The!function!which!describes!this!drift!is!however!not!derived/calculated.!
Masshunter!©,!the!proprietary!data!extraction!software!for!the!Qtof,!had!one!of!the!most!advanced!deconvolution!algorithms!available!(see!section!3.4),!which!is!able!to!remove!adduct!and!isotope!information!from!the!data!with!high!accuracy,!hence!it!was!preferable!to!use!this!algorithm!for!this!stage.!Many!of!the!alignment!software/algorithms!discussed!by!Lange!et!al.![35]!required!the!use!of!raw!spectra!prior!to!deconvolution!however!many!of!them!lacked!a!deconvolution!algorithm!leading!to!the!presence!of!redundant!information.!
One!of!the!major!issues!faced!when!aligning!MP!data!is!the!non:linear!drifting.!!Mass!accuracy!is!fairly!high!and!with!the!use!of!reference!masses!by!the!QtoF!the!mass!drift!between!each!run!is!very!low!providing!that!the!reference!masses!are!detected.!However!the!retention!time!is!not!automatically!calibrated!during!MP!acquisition!and!this!can!only!be!calculated!if!enough!fixed!points!(i.e.!internal!standards)!are!present!in!the!data.!Non:linear!retention!time!drift!can!occur!due!to!various!factors,!these!include!unstable!heating!condition!of!the!LC!column!and!random!effects!which!occur!during!sample!injection,!among!others.!This!drift!must!be!handled!with!care!otherwise!it!can!lead!to!a!unreliable!alignment![38].!The!introduction!of!fixed!points!can!lead!to!bias!downstream,!a!large!percentage!of!the!metabolome!(for!most!organisms)!is!uncharacterized!therefore!it!is!difficult!to!be!certain!that!the!compounds!employed!are!not!indigenous!to!that!organism.!Hence!
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the!non:linear!retention!time!drift!must!be!handled!during!the!alignment!process.!
KFA!utilizes!a!parametric!learning!method!to!reduce!the!effect!of!non:linear!drift,!no!attempt!is!made!by!the!algorithm!to!calculate!equations!which!explains!this!drift.!
Alignment!is!achieved!in!two!stages,!identifying!firstly!all!clusters!which!have!very!small!variance!and!secondly!those!clusters!whose!overlap!is!within!the!error!margins!and!can!consequently!be!aligned!together.!The!main!differences!between!these!two!stages!are!that!the!scaling!vector!applied!in!stage!2!is!variable!and!rather!than!using!feature!information!from!MP!data!stage!2!uses!the!approximated!cluster!information!generated!by!stage!1.!Each!stage!is!divided!into!two!distinct!steps,!clustering!via!1!nearest!neighbour!(1NN)!followed!by!parameter!updating!through!the!use!of!kernel!density!estimation.!
 Step%1:%1%Nearest%neighbour%(1NN)%search%3.2.2.1Initially!C !is!an!empty!set.!The!first!step!is!populate! !with!all!the!features!in!the!1st!dataset.!The!decision:making!equation!for!the!1NN!is!similar!to!that!of!MPr,!
|µ ci −µ c j |≤ ε ci ,c j ! (!3!)!Where!equation!(!3!)!is!used!in!decision!making!step!in!both!stage!1!and!2!of!alignment.!For!stage!one!µ c j = y j !such!that! y j !is!a!feature!in!a!mass!profiling!data!set,!and!in!the!second!stage!µ c j !is!the!mean!vector!of!a!consensus!feature!in!C .,!
The!mean!vector!of!a!consensus!feature!is!defined!as!µ ci ={µmci ,µrci},∀i ={1,...,|C |} ,!which!describes!the!cluster! i ∈c C(and! jc )!and! ,i jε c y (and! ,i jε c c )!is!the!error!vector!defined!by,!
C
! 55!
( )( ( ) )i i idiag diagε σ α η µ= +c c c ! (!4!)!The!function! diag α( ) !generates!a!square!matrix!with!the!diagonal!of!that!matrix!
containing!the!values!of!α ,!similarly!for! diag η( ) .!Where! { , }error errorM Rη = is!a!vector!of!the!fixed!mass!and!retention!time!variance,! { , }i i im rµ µ µ=c c c !and!
{ , }i i im rσ σ σ=
c c c !are!vectors!of!the!mean!and!standard!deviation!for! ic !and!
{ , }m rα α α= !is!the!scaling!vector.! errorM !and! errorR !can!change!according!to!the!extraction!procedure!and!care!is!needed!when!optimizing!them.!For!the!extraction!procedure!used!in!sample!extraction!here!the! 0.1%errorR = !and! 10errorM ppm= .!The!scaling!vector!α !is!used!to!restrict!the!maximum!cluster!variance!this!allows!us!to!increase!the!maximum!allowed!error.!!!!
 Step%2:%Kernel%density%approximation%3.2.2.2The!second!step!is!to!use!kernel!density!approximation!to!determine!the!updated!parameters!for!all!the!clusters!that!had!a!new!feature/cluster!added!by!step!1.!The!kernel!used!for!approximating!the!parameters!for!each!cluster!is!a!weighted!gaussian!kernel.!This!is!constructed!over!both!the!cluster!elements
, . . {1,...,| |}ik i is t k∈ ∈
cz c c ,!as!well!as!the!new!feature/cluster!which!have!been!selected!by!step!1.!The!larger!the!number!of!points!available!for!approximating!the!kernel!the!more!robust!the!model,!hence!the!set!is!expanded!by!adding!artificial!data!points!which!satisfy! [ , ]i i i i ila µ σ µ σ∈ − +c c c c c .!We!defined!the!expanded!set!of!
ic !as! icE !such!that!! Eci = ci + J where! J !is!the!number!of!features!which!are!added!(in!the!initial!stage!this!is!1!while!in!the!optimization!stage!this!is!equal!to!
| |jc .!The!elements!of! icE !are! {1,...,| |}ci iq cq∀ =Ee E .!!The!kernel!density!approximation!is!given!by,!!
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Such!that!σmax !is!the!maximum!standard!deviation!between!the!new!feature!added!and!the!consensus!feature!in!C ,! iqw cE !is!the!weight!of! iq cEe .!The!weight!of!a!given!feature!in!
ic
E is!calculated!by,!
2(1 )[exp( (( ) ( )))]i i i i iq q q qw η µ µ= − − − + −
c c c cE E E Ec fe e e !
!
(!6!)!
Such!that! Re Re{ , }s serror errorM Rη = !is!the!mass!and!retention!time!resolutions,!and!in!most!cases!are!equal!to!the!fixed!error!(above),!and!µ f is!the!mean!vector!for!the!cluster!or!the!reported!values!for!the!feature.!!
Define! 1t ti i+ = ∪c c fwhere! f are!the!new!features!added!to!this!cluster!by!the!step!1!and! t is!the!iteration!step!for!that!cluster.!The!mean!and!standard!deviation!for! 1ti+cis!calculated!using!the!constructed!model,!!
µ ci
t+1
= Kq
Ecit eq
Ecit
q=1
Ecit
∑
σ ci
t+1
= Kq
Ecit eq
Ecit −µ ci
t+1#
$
%
&
'
(∑
! (!7!)!
Such!that!all!terms!are!defined!as!before,!this!process!is!then!repeated!for!the!optimization!stage!with!an!increased!scaling.!!
KqEci eqEci( ) = wqEci exp −
eqEci − e p
Ec j( )
2
σmax
"
#
$
$
$
%
&
'
'
'p=1
Eci
∑ ! (!5!)!
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 Pairwise%Alignment%3.2.2.3
!
Figure!8!Stage!1!Alignment,!clusters!which!have!small!variances!are!constructed!
The!procedure!for!alignment!will!be!described!here,!initially!the!method!for!pairwise!alignment!will!be!discussed,!followed!by!the!expansion!to!multi:alignment.!
3.2.2.3.1 Stage+One:+Feature+Alignment+At! 0t = !each!unique!feature!in!two!datasets!are!defined!by!a!gaussian!distribution,!whose!mean!is!the!reported!value!and!the!variance!is!defined!as,!
0
0 ( )
2
i
i
diag η µ
σ =
c
c ! (!8!)!
Such!that!all!terms!are!as!defined!before,! µ ci0 −µ ci0η,µ ci0 +ηµ ci0"# $% is!the!whole!range!in!which!the!mean!can!fall.!!
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The!alignment!is!carried!out!in!!a!two!step!process,!the!first!is!to!find!all!clusters!which!have!very!small!distances!(i.e.!clusters!which!contains!a!very!low!difference!between!its!members)!the!second!is!to!find!clusters!which!overlap,!and!then!to!cluster/align!these!features!together.!One!of!the!major!issues!faced!when!aligning!MP!data!is!the!nonFlinear!drifting!error.!!Mass!accuracy!is!fairly!high!and!with!the!use!of!reference!masses!by!the!QtoF!the!mass!drift!between!run!is!very!low,!as!long!as!the!reference!masses!are!detected.!However!the!retention!!
!
Figure!9!A!2D!representation!of!the!alignment!between! !and!!.!The!circles!represent!the!error!vector!with!respect!
to!the!first!data!set.!!time!is!not!automatically!calibrated!during!MP!acquisition,!this!can!be!calculated!if!enough!fixed!points!ar !pres nt!in!the!data.!Carrying!this!out!is!very!difficult!as!the!addition!of!any!chemical!into!the!sample!could!lead!to!bias!downstream.!Hence!the!nonFlinear!retention!time!drift!must!be!handle!use!the!alignment!method.!
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3.2.2.3.1.1 Step)1:)1NN)Now!let! 0ic (which!at!t=0!is! ix )!and! jy !be!two!features!in!two!data!sets.!If!their!mass!and!retention!times!are!sufficiently!similar!they!should!satisfy!the!inequality!given!by!(!3!).!In!this!case! jy !is!clustered/aligned!to! 0ic ,!this!is!illustrated!by!Figure!8.!!This!process!is!carried!for!all!features!in!C and!Y .!Where!Y !is!some!mass!profiling!dataset.!
Figure!8!illustrates!one!of!the!main!issues,!which!occurs!in!this!stage,!due!to!the!variance!which!is!present!the!use!of!a!small!scaling!vector!introduces!the!presence!of!misalignments.!!
Definition%2. Misalignment:%Two%features%which%represent%the%same%
compound%are%unBclustered%and%identified%as%unique.%
Definition%3. Misclassification:%Two%features%which%represent%two%unique%
compounds%are%clustered%and%identified%as%a%single%feature.%
Increasing!the!scaling!vector!can!solve!the!introduction!of!misalignments.!However!over!expansion!will!lead!to!features!being!misclassified.!Misalignments!at!this!stage!occur!due!to!both!mass!and!retention!time!variations,!the!causes!of!these!are!!
1) Due!to!technical!errors!during!sample!injection!the!LC!could!perform!at!a!lower!level!of!accuracy,!this!would!cause!the!second!dataset!to!be!misaligned.!As!shown!in!Figure!8!where!the!two!points!which!should!be!aligned!are!outside!the!error!vector.!!2) The!Qtof!has!an!auto!calibration!system!in!place!which!allows!for!a!continuous!mass!error!correction!to!be!carried!out.!This!is!achieved!by!the!use!of!reference!masses!which!are!injected!throughout!the!run.!Mass!error!
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occurs!when!one!or!more!of!these!masses!are!lost!due!to!detection!or!ion!suppression[39].!This!error!is!non:persistent.!
3.2.2.3.1.2 Step)2:)Parameter)Update)
!
Figure!9!Once! ci0 !and! y j !are!aligned!the!new!mean!and!standard!deviation!for!the!cluster!!are!
calculated!using!the!weighted!kernel!approximation.!The!blue!and!red!distributions!are!the!gaussian!
kernel!density!distribution!of! !and! !respectively!!Some! 0ic have!new!members!which!have!been!clustered!by!step!1,!these!clusters!which!have!new!members!require!the!parameters!which!explain!them!to!be!updated.!The!kernel!density!estimate!for!these!clusters!are!then!calculated!using!equation(!5!),!and!then!the!mean!and!standard!deviations!for!these!new!clusters!are!calculated!using!equation!(!7!).!!Figure!9!illustrates!this!process!for!one!alignment,!the!new!mean!and!standard!deviation!are!calculated!from!this!model!for! 1ic .!
ci0 y j
0
ic
! jy
!
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3.2.2.3.2 Stage+two:+Optimization+
!By!using!α <1we!are!in!fact!making!the!initial!assumption!that!the!error!is!fixed,!and!that!the!error!increase!through!the!run!is!very!small.!This!is!not!an!accurate!assumption!and!thus!(as!we!saw!above)!a!large!number!of!misalignments!occur.!Hence!in!order!to!resolve!the!misalignments!which!are!occurring!we!much!allow!the!error!vector!to!increase.!This!is!carried!out!by!relaxing!the!scaling!factor!α ,!finding!all!clusters!which!overlap!using!1NN!and!parameter!update!using!Kernel!density!estimation.!
Figure!10!illustrates!the!processes!of!optimization!for!two!datasets.!As!the!scaling!factor!is!relaxed!the!assumption!of!fixed!error!is!removed!and!replaced!with!a!new!error!function!which!is!non:linear.!!
!
Figure!10!Optimization!of!the!aligned!data!revels!that!there!are!a!large!number!of!cluster!which!
overlap.!The!initial!assumption!of!linear!retention!time!variation!is!gradually!removed!and!true!
optima!are!found.!Those!points!which!have!no!cluster/alignment!are!not!optimized!and!hence!the!
linear!error!remains!!
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Increasing!α must!be!carried!out!with!a!great!deal!of!care,!too!large!of!a!α will!lead!to!the!number!of!misclassifications!increasing,!while!not!increasing!this!enough!will!lead!to!the!presence!of!overlapping!clusters.!!
3.2.2.3.2.1 Finding)the)optimal)alignment)The!method!utilized!in!KFA!to!find!the!optimal!alignment!is!to!restrict!the!cluster!variance.!Using!the!fixed!points!present!in!the!MP!data!the!maximum!mass! driftM !and!retention!time! driftR drift!can!be!calculated.!For!the!Qtof!used!for!this!study!the!mass!drift!is!equal!to!the!fixed!mass!error,!while!the!maximum!expected!retention!time!drift!is!equal!to!0.3!mins.!The!retention!time!drift!is!slightly!different!for!each!run,!and!is!greatly!altered!by!the!sample!extraction!procedures.!!
Step!1!is!altered!so!that!the!variance!of!the!cluster!is!considered!when!allow!new!features!to!cluster!with!a!given!consensus.!If!the!variance!of!the!new!consensus!formed!by!allowing!a!new!feature!in!is!larger!than!the!expected!drift!then!this!feature!is!not!rejected.!Using!this!method!α is!allowed!to!expand!till!no!further!alignments!are!found.!!
 Point%Approximation%3.2.2.4Once!alignment!is!complete!the!next!step!is!to!estimate!the!centre!of!each!cluster!as!accurately!as!possible.!One!common!method!for!doing!this!is!simply!to!take!the!sample!mean,!however!this!is!can!lead!to!a!bias.!Consider!the!cluster! ic which!contains!N!elements,!if!the!distribution!of!these!is!even!then!points!approximation!via!sample!mean!is!robust,!however!if!the!points!are!not!evenly!distributed!then!the!sample!mean!will!be!shifted.!The!method!here!uses!equation!(!7!)!which!is!the!sample!mean!given!un:equal!probabilities.!!
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 Multiple%Alignment%3.2.2.5The!procedure!for!aligning!multiple!MP!datasets!is!the!same!as!for!the!pairwise!alignment!described!above,!the!only!difference!is!that!each!cluster!in!C can!have!more!than!2!features!associated!with!it.!When!calculating!the!kernel!densities!the!raw!values!are!used!rather!than!the!approximated!mean.!!The!remainder!of!the!procedure!parallels!the!pairwise!alignment!method.!1NN!algorithm!is!used!to!find!the!neighbours!of!the!clusters!identified!during!the!initial!search!(outlined!above),!when!all!the!clusters!have!been!processed!the!point!approximation!is!carried!out.!These!steps!are!repeated!for!all!MP!datasets!which!are!to!be!aligned!before!optimisation!is!applied.!
 Experimental)Design)3.3For!comparison!between!alignment!software,!two!experiments!were!designed!1)!a!set!of!artificial!data!whose!noise!rate!was!controlled,!2)!a!biological!sample!set,!which!contained!5!biological!replicates!of!un:stressed!Arabidopsis%thaliana!Col0!leaf!tissue,!each!replicate!is!run!four!times!to!produce!4!technical!replicates.!The!leaf!tissue!was!extracted!using!the!procedure!outlined!in!chapter!1.!!
 Experiment)1:)Toy)Model)3.3.1In!order!to!test!an!alignment!algorithm’s!performance!datasets!with!predetermined!centres!and!noise!are!needed.!These!data!sets!were!generated!artificially!using!an!R!code.!Six!sets!of!models!were!generated,!and!varying!levels!of!noise!added!into!each,!Figure!11!gives!the!percentage!of!noise!within!each!toy!model.!The!noise!is!calculated!as!how!far!a!data!point!is!from!its!known!centre.!Each!toy!model!contains!10!data!sets,!into!which!the!randomly!generated!noise!was!distributed.!Figure!11!show!the!noise!distributions!of!each!toy!model,!with
!
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!
Figure'11'The'toy'm
odel'data.'The'true'centres'(or'consensus'set)'has'had'a'given'am
ount'of'noise'added'causes'these'centres'to'be'perturbed'w
ithin'the'give'
error'as'illustrate'but'the'expanded'regions'on'each'dataset.'
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toy0!having!no!deviation!from!the!true!centres,!while!toy!5!is!has!the!highest!noise!level.!When!the!error!is!at!100%!any!given!point!is!at!most!10ppm!and!0.3mins!away!from!its!mass!and!retention!time.!
 Experiment*2:*Biological*Samples*3.3.2The!second!experiment!designed!for!alignment!accuracy!testing!was!a!set!of!unBtouched!leaf!and!bacterial!extracts.!UnBtouched!samples!were!used!in!order!to!exclude!the!possible!biological!variations!in!secondary!metabolism!which!occur!during!abiotic!and!biotic!stress.!UnBtouched!wild!type!Arabidopsis*thaliana*ColB0!leaf!tissue!was!extracted*in!an!80%!methanol!buffer!with!Umbelliferone.!The!system!was!monitored!during!data!acquisition!to!ensure!that!the!reference!mass!drop!out!was!minimized!and!that!the!LC!column!was!kept!under!optimal!conditions.!!
 Deconvolution*and*Data*extraction*using*MassHunter©**3.4!MH!uses!peak!spacing!and!isotope!distribution!to!deconvolute!the!spectra!(Agilent!technologies,!Palo!Alto,!USA)![40],![41]when!searching!through!for!molecular!features!(MF),!MH!is!able!to!group!together!what!it!believes!to!be!adducts,!multimers!or!multiply!charged!ions!of!the!same!compound.!It!was!found!however!that!if!MH!was!allowed!to!deconvolute!multiply!charged!ions!it!would!bundle!compounds!together!which!were!not!the!same.!This!is!a!common!deconvolution!issue!and!occurs!mainly!due!to!poor!LC.!!In!order!to!prevent!this!from!occurring!the!parameters!in!the!molecular!feature!extraction!(MFE)!process!were!optimized!as!shown!in!Table!1.!Testing!was!carried!out!to!determine!if!the!use!of!adduct!identification!would!lead!to!misBclassification!of!m/z’s!(mass!to!charge!ratio)!in!the!data.!We!found!that!this!was!not!the!case!therefore!this!parameter!was!allowed.!
!
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 Results:(Alignment(Accuracy(Testing(3.5
KFA$Parameters$! ! MPr!Parameters!
Fixed!Error!Vector!
RT!Variance!(mins)! 0.1! ! Error!
RT!Variance!(mins)! 0.1!
Mass!Variance!(ppm)! 10! !
Mass!Variance!(ppm)! 10!
Expanded!Error!Vector! RT!Variance!(mins)! 0.3! ! RT!Correction! RT!Variance!(mins)! 0.3!!Table&2&Parameters&used&for&alignment&accuracy&testing.&In!order!to!be!certain!that!the!majority!of!problems!identified!were!addressed,!MPr!and!the!developed!algorithm!must!be!compared.!This!was!a!three!stage!process!(as!discussed!in!section!3.3),!firstly!using!artificially!produced!data!to!determine!if!the!algorithms!can!predict!a!predefined!centre!and!recreate!the!known!alignment!of!these!“toy”!models!against!differing!levels!of!noise!(the!former!can!only!be!done!for!KFA!as!MPr!does!not!give!an!output!which!would!allow!for!this!test).!Secondly!a!similar!test!as!for!the!toy!models!however!with!undefined!levels!of!noise,!but!with!known!mass!centres!and!thirdly!a!test!for!alignment!accuracy/coverage!was!carried!out!using!the!biological!extraction!discussed!in!the!above!section.!For!all!of!these!tests!the!alignment!parameters!were!kept!constant,!Table!2!lists!the!parameters!which!were!used.!
 Toy(Experiments(3.5.1The!toy!models!allow!us!to!quantify!exactly!the!algorithms!accuracy!as!centre!prediction!and!alignment.!!
 Coverage(error(and(Hit(Rate(Error(Vector(3.5.1.1The!accuracy!of!the!method!is!measured!using!its!coverage,!and!its!hit!rate!error!vector.!The!coverage!is!measured!as,!!
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!"# !"#ℎ!" = !"#$"!!"#$%&'%(!!"#$ − ! !"#$%&'#$!!"#$%&'%(!!"#$ !
The!known!alignment!rate!is!the!number!of!ions!which!will!align!in!at!least!two!data!sets,!and!the!predicted!alignment!rate!is,!!
!"#$%&'#$!!"#$%&'%(!!"#$= !"#$%!!"#$%&!!"!!"#$%&'!!"#"!!"#$%&− !"#$%!!"#$%&!!"!!"#$%!"#$% !
The!coverage!allows!us!to!quantify!how!well!the!alignment!method!has!reflected!the!known!data!globally,!in!order!to!look!at!the!alignment!results!in!further!detail!the!hit!rate!error!vector!(hre)!is!used.!
ℎ!!! = !"#$"!!"#$%&!!"!!!"#$%! ℎ!"ℎ!!"#$%!! − !"#$%− !"#$%&'#$!!"#$%&!!"!!"#$%&! ℎ!"ℎ!!"#$%!! − !"#$% !
For!the!two!experiments!a!dumpling!file!was!created,!which!gives!the!known!number!of!points!which!align!nTtimes.!
Figure!12!(A!and!B)!which!clearly!illustrates!that!KFA$out!preforms!MPr!on!all!6!toy!data!sets.!MPr!aligns!Toy!0!and!Toy!1!with!some!accuracy,!however!when!we!introduce!noise!of!40%!the!alignment!becomes!highly!unreliable.!We!found!that!part!of!the!problem!was!the!implementation!of!the!MPr!algorithm.!MPr!had!problems!minor!errors!with!toy0!hence!in!order!to!remove!the!possibility!that!the!method!was!being!used!incorrectly!MPr!was!implemented!in!R!and!the!alignment!was!reTrun.!Figure!12(C)!illustrates!the!increased!accuracy!of!MPr!with!this!implementation!however!when!60%!noise!is!added!the!method!starts!produces!errors.!KFA!on!the!other!hand!is!able!to!align!all!6!data!sets!without!any!error.!
!
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Figure!12!(A)!The!hit!rate!error!vectors!for!all!5!toy!data!sets!show
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Figure!12(D)!illustrates!the!coverage!of!each!method!which!once!again!highlights!that!while!the!R!implementation!of!MPr!has!a!vastly!improved!accuracy,!it!is!no!comparable!to!KFA$which!is!substantially!better.!!
When!alignment!was!carried!out!all!three!methods!were!given!the!maximum!allowed!error,!which!could!occur.!KFA’s!optimization!steps!means!that!it!is!able!to!determine!error!as!long!as!the!allowed!parameter!space!is!large!enough,!however!if!the!parameter!space!is!too!large!then!misHclassifications!can!occur,!it!is!important!that!parameter!optimization!is!carried!out!during!each!alignment!in!order!to!yield!the!best!possible!alignment.!!
It!is!clear!that!KFA$is!largely!unaffected!by!incorrect!parameters!assumptions.!In!real!data!we!would!not!expect!that!every!feature!has!the!same!amount!of!error,!what!would!be!more!realistic!is!that!the!data!set!is!compromised!of!a!variable!amounts!of!noise!(i.e.!a!combination!of!all!the!toy!data!sets),!hence!the!use!of!a!!large!error!value!will!not!cause!the!system!to!fail!and!produced!missHalignments/classifications.!
 Centre&Prediction&&3.5.1.2The!final!measure!of!accuracy!is!the!method’s!ability!to!predict!a!true!centre.!The!true!centres!are!known!for!Experiment!1,!hence!the!accuracy!of!a!method!at!centre!prediction!is!defined!as!the!difference!between!the!means!and!the!standard!deviations!of!the!aligned!data.!The!measure!of!centre!prediction!accuracy!is!calculated!using!4!accuracy!values.!!
1. The!difference!in!RT!mean!!(in!mins)!!2. The!difference!in!Mass!Mean!(in!ppm)!!3. The!difference!in!RT!standard!deviation!(in!mins)!!
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4. The!difference!in!Mass!deviation!(in!ppm).!
Figure!13!illustrates!the!accuracy!of!the!three!methods!at!centre!prediction,!it!can!be!clearly!seen!that!KFA!and!MPrHR!both!perform!with!higher!accuracy!than!MPr,!which!suggests!that!the!implemented!algorithm!within!the!MPr!program!might!have!a!bug.!As!we!increase!the!amount!of!noise!up!to!100%!we!notice!that!there!is!!
!
Figure'13'The'accuracy'of'KFA,'MPr,'and'R'implemented'MPr'at'predicting'the'true'centres.'(Top)''RT'
Accuracy,'(Bottom)'Mass'accuracy'(using'mean'and'SD'difference).''slight!loss!of!accuracy!in!KFA$while$this!is!not!a!significant!loss.!MPrHR!shows!accuracy!loss!at!60%!noise!level!however!recovers!at!100%.!!
KFA$loses!some!accuracy!at!centre!prediction!as!noise!is!increased!due!to!the!method!in!which!the!centres!are!predicted,!the!current!method!is!to!take!the!weighted!mean!values!of!the!RT!and!Masses.!Using!this!method!has!an!inherent!flaw!as!it!is!only!accurate!at!centre!prediction!if!the!MF!to!be!aligned!is!evenly!
! 71!
distributed!around!the!centre,!as!illustrated!by!Figure!14!Case!1.!If!however!the!distribution!is!uneven,!as!shown!in!Figure!14!Case!2,!the!predicted!centre!will!have!shifted,!hence!giving!rise!to!a!false!centre.!!
!
Figure'14'The'affect'on'centre'prediction'by'the'presence'of'both'mass'and'RT'drift.'This!drift!is!however!not!large!and!is!well!within!the!allowed!noise!hence!the!use!of!mean!values!to!predict!the!centre!is!valid!and!will!be!used!for!KFA.$!
 Biological(Model(Alignment(3.5.2The!purpose!for!MPA!is!to!align!biological!data!run!through!a!LCHQtofHMS,!hence!only!using!artificial!data!to!test!alignment!accuracy!is!insufficient.!!
 Noise&Filtering&3.5.2.1When!looking!at!biological!experiments!the!data!must!be!filtered.!There!are!various!levels!of!filtering!which!are!carried!out!postHalignment.!Firstly!due!to!the!gradient!used!during!the!data!acquisition!process,!masses!which!come!off!earlier!than!1!min!and!later!than!27!mins!are!badly!separated,!for!this!reason!we!remove!these!points.!Secondly!when!running!any!statistical/mathematical!model,!the!data!must!be!present!in!at!least!50%!of!the!biological!replicates!of!an!experiment.!If!this!
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is!not!the!case!then!we!are!unable!to!handle!the!zero!detection.!For!testing!the!alignment!accuracy!both!the!filtered!and!unfiltered!data!is!considered.!!
 Alignment&Accuracy&3.5.2.2Unlike!the!toy!data!which!was!artificially!created,!and!hence!was!labeled!with!the!true!centres,!this!data!is!not,!thus!we!are!unable!to!use!the!same!measure!of!accuracy!as!before.!Instead!we!shall!look!at!three!measures,!the!alignment!ratio,!this!is!done!by!looking!at!the!number!of!compounds!which!are!aligned!in!at!least!2!of!the!data!set,!compared!to!the!total!number!of!data!points.!These!are!identical!samples,!hence!we!are!able!to!firstly!measure!the!number!of!compounds!that!are!aligned!in!all!datasets!compare!to!the!total!number!of!compounds!to!be!aligned.!!
3.5.2.2.1 Alignment.Ratio.
!
Figure'15'Alignment'Accuracy'of'KFA'and'MPr'(both'forms).'The'three'measures'illustrated'that'KFA'
greatly'outperforms'MPr.'The!alignment!accuracy!for!each!algorithm!with!respect!to!the!biological!leaf!data!is!measured!using!3!measures.!The!first!is!the!percentage!of!features!which!are!aligned!across!20!samples!(!!!"")!,!the!second!the!percentage!of!features!aligned!in!20!samples!with!respect!to!the!number!of!features!with!aligned!at!least!10!times!
0.00%!10.00%!
20.00%!30.00%!
40.00%!50.00%!
60.00%!
WRT!all!DATA!100%!alignment! WRT!to!50%!! WRT!all!DATA!50%!Alignment!Weighted!WRT!to!number!of!times!aligned!
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(!!!")!and!the!last!is!the!percentage!of!features!which!align!at!least!10!times!with!respect!to!the!number!of!aligned!(!!!"!"#).!!
!!!"" = #!100%!!"#$%&'! !
('9')'
!!50 = #!100%!!"#$%&'! !
!!50!"# = !!20!=10!20!=1 !The!method!for!calculating!these!are!given!by!the!equation!set!(!9!)!where!!!is!the!number!of!points!which!are!aligned!!!times!and! !is!the!total!number!of!points!in!the!aligned!data!set!and!!is!the!total!number!of!points!which!align!at!least!10!times.!
Figure!15!illustrates!the!accuracy!for!KFA$and!MPr!(as!well!as!MPrHR),!it!is!clearly!visible!that!KFA!outperforms!both!implementations!of!MPr!and!the!overall!alignment!accuracy!is!very!high.!!
 Conclusion(3.6In!conclusion!it!is!fair!to!say!that!KFA!out!performs!the!Agilent!algorithm!for!all!the!data!sets!considered!in!this!chapter.!!The!toy!data!illustrated!that!KFA$was!substantially!better!at!aligning!data!with!large!levels!of!noise!without!misalignment!or!misclassifications!in!comparison!to!MP,!KFA$also!didn’t!require!the!optimization!of!parameters.!This!means!that!the!assumption!of!large!levels!of!noise!will!not!lead!to!a!substantial!increase!in!misclassifications,!this!however!does!not!mean!that!these!will!not!occur.!While!MPrHR!was!able!to!increase!the!accuracy!of!the!Agilent!alignment!approach!this!increase!was!not!enough!to!make!it!competitive!with!respect!to!KFA.!The!MPr!centre!prediction!method!was!slightly!better!than!KFA!but!this!was!within!the!expected!error.!!
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KFA’s!alignment!of!the!biological!data!set!was!considerably!better!than!that!of!MPr.!
KFA!had!nearly!a!30%!increase!in!overall!alignment!accuracy!when!compared!to!MPrHR.!!!
KFA$unlike!other!methods!does!not!require!any!fixed!peaks!(internal!standards)!for!alignment,!KFA$aligns!data!using!a!iterative!learning!processes.!As!shown!this!method!is!much!better!suited!in!comparison!to!MP.!
 Limitations,&Assumptions&and&Further&Development&3.6.1.1
!This!alignment!algorithm!was!initially!developed!to!compensate!for!the!problems!which!were!noted!in!MPr.!However!during!the!process!of!algorithm!development!areas!for!further!improvement!were!identified.!For!example!as!stated!in!the!previous!section!during!the!course!of!forward!alignment!a!data!point!may!be!misclassified!due!to!poor!LC.!This!is!somewhat!dealt!with!by!using!a!backward!alignment,!as!discussed!above.!The!step!where!we!require!at!least!50%!of!!
the!aligned!compounds!to!match!will!cause!further!problems!if!there!was!RT!drifting!in!the!sample.!!The!next!problem!occurs!when!two!compounds!are!not!well!defined,!i.e.!their!retention!time!separation!is!poor.!This!is!caused!by!LC!problems,!
'
Figure'16'LC'separation'problems.'Case'1'highlights'the'problem'of'low'separation,'while'case'2'
highlights'the'problem'of'large'drift'
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which!would!lead!to!two!compounds!which!are!not!the!same!being!aligned!and!hence!misclassified.!There!are!two!possible!cases!for!LC!separation!problems,!
Case!1. Two!compounds!with!similar!mass!come!off!the!LC!column!at!RT!very!close!to!each!other,!which!causes!them!to!overlap,!Case!2. One!run!has!large!amount!of!RT!drift!due!to!LC!failure.!
Both!cases!are!illustrated!in!Figure!16,!while!in!case!one!there!is!a!chance!of!misclassification,!the!second!case!causes!misalignment.!All!the!problems!highlighted!here!can!be!solved!using!set!density!checking,!where!each!set!which!is!produced!after!the!forward!alignment!will!have!a!density/model!associated!with!it.!!
! !
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 Data(Filtering(and(Missing(Chapter.4
Value(Imputation((MVI)( (
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4.1 Introduction(In!this!chapter!detailed!explanation!of!all!data!post!processing!which!is!carried!out!will!be!outlined.!During!the!course!of!data!acquisition!noise!due!to!both!machine!and!technical!error!occur.!!The!presence!of!low!level!noise!within!data!is!easily!handled!by!modern!machine!learning!techniques!however!high!levels!of!noise!will!bring!about!major!bias!in!any!modeling!carried!out.!For!the!purposes!of!modeling!the!presence!of!missing!values!cause!major!problems,!hence!missing!value!imputation!must!be!applied.!Various!methods!exist!which!can!be!implemented!in!missing!values!imputation,[42–45].!!A!commonly!used!method!is!the!weighted!kNN!algorithm!for!missing!value!imputation![44],!which!has!been!improved!upon!over!the!years!by!more!rigorous!methods.!These!methods!include!the!use!of!neural!networks,!regression!algorithms,!Maximum!likelihood!and!Bayesian!methods![45].!The!focus!of!this!work!has!been!in!the!use!of!a!composite!method,!which!compromises!the!weighted!kNN!approach!and!EM!algorithm.!It!was!found!that!this!combined!method!generated!data!with!reduced!error!and!that!the!model!converged!at!a!higher!rate!compared!to!more!sophisticated/currently!available!methods.!
4.2 Experimental(Design(A!detailed!description!of!the!wet!lab!experiment!carried!out!can!be!found!in!Chapter!2.!First,!to!determine!the!cut!off!value!for!noise!filtering!the!untouched!biological!data!set!discussed!in!Chapter!3!is!used.!The!variation!which!occurs!in!this!data!is!only!due!to!biological!or!technical!variation.!Following!that!a!randomly!selected!time!point!from!the!time!series!was!used!to!determine!the!accuracy!of!the!three!missing!value!imputation!methods.!!
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Although!the!main!focus!of!this!chapter!is!to!investigate!the!accuracy!of!the!three!MVI!methods,!determining!qualitatively!the!noise!cut!off!for!data!filtering!is!also!of!interest.!The!experiment!described!in!this!section!was!designed!to!determine!whether!the!use!of!a!combined!weighted!EMHkNN!imputation!algorithm!yielded!data!with!lower!levels!of!noise.!The!results!were!then!compared!with!the!results!of!using!only!the!weighted!kNN,!and!EM!as!well!as!a!baseline!filling!methods.!Higher!order!methods!were!considered!(such!as!regression!and!neural!nets),!but!were!disregarded!as!they!yielded!similar!results!but!with!much!higher!computational!demands.!
!Accuracy!testing!was!carried!out!using!true!value!prediction,!self!organizing!maps!(SOM)[46]!structure!recovery!and!false!positive!rate!(see!Chapter!5!for!full!explanation!of!method)!for!each!data!set!produced.!For!both!true!value!prediction!and!SOM!structure!recovery!data!with!artificially!added!missing!values!was!used,!this!allowed!us!to!control!the!level!and!type!of!missing!values.!!
4.3 Method(
4.3.1 Noise(Filtering(PostHalignment!there!is!a!large!amount!of!‘noise’!present,!which!must!be!removed.!Two!distinct!classes!of!noise!exists,!!
Definition$4. Machine$Noise$is$defined$as$error$due$to$$a. Failure$to$ionise$at$the$source!b. Molecule$fragmentation$(this$however$is$unlikely$in$ESI$data$
as$this$ionisation$method$is$known$as$a$soft$ionisation)!
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c. Molecule$interaction$(i.e.$two$mass$to$charge$ratios$(m/z)$
colliding)!d. Improper$flight$causing$miscalculation$of$mass$(rare$in$
current$technology)!e. Random$m/z$detection!Definition!5. Technical!noise!is!defined!as!errors!which!occur!due!to!method!setup!
Therefore!prior!to!missing!value!handling!the!aligned!data!must!be!filtered!properly.!During!the!course!of!this!study!some!work!was!carried!out!to!determine!a!automated!method!to!remove!noise.!There!are!two!types!of!data!present,!missing!at!random!and!missing!at!nonHrandom,!
Definition!6. Missing!at!random!are!features!which!are!not!detected!because!of!machine!noise.!Definition!7. Missing!at!nonHrandom!are!features!which!are!absent!because!of!the!response!being!explained.!There!are!two!types!of!missing!at!nonHrandom!features,!f. Features!which!are!detected!at!a!frequency!lower!than!the!‘detection!rate!threshold’!g. Features!which!are!absent!completely!
Some!work!was!carried!out!in!order!to!determine!the!‘detection!rate!threshold’.!This!value!was!not!calculated!using!rigorous!techniques!rather!a!more!qualitative!approach!was!used.!The!rate!of!detection!of!features!is!based!on!count!data,!implying!the!use!of!either!a!binomial!or!poission!distribution!is!valid.!For!this!
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study!the!assumption!was!made!that!the!counts!followed!a!poission!distribution!which!is!defined!by!!
pci
T k | λ( ) = λ
ke−λ
k! ! ('10')'
Where!λ !is!the!poission!parameter,!and!k!is!the!number!of!times!a!consensus!feature!is!aligned.!
Another!important!question!is!whether!the!use!of!technical!replicates!can!enhance!the!data!set!and!help!to!reduce!the!noise!present,!for!this!we!use!technical!replication!and!qualitatively!look!at!the!difference!in!the!probability!distribution!generated!if!we!use!the!technical!replication!as!a!filter.!
4.3.2 Missing(Value(Imputation((MVI)(Post!noise!filtering!the!data!structure!is!made!up!of!two!unique!patterns,!response!specific!compounds!(RSC)!and!response!nonHspecific!compounds!(RNSC).!RSCs!are!defined!as!features!that!are!only!present!in!a!single!treatment/experimental!time!point,!while!RNSCs!are!features!which!are!present!in!all!treatments/experimental!time!points.!Both!classes!can!contain!discriminate!and!nonHdiscriminate!features.!RNSCs!may!be!found!to!be!discriminate!due!to!either!up!or!down!regulation!of!the!biosynthetic!networks!which!this!feature!is!part!of,!whereas!RSCs!may!be!nonHdiscriminate!implying!that!although!they!are!‘expressed’!this!is!not!above!the!baseline.!MVI!must!be!applied!to!RSC!data!prior!to!processing.!If!MVI!is!not!applied!to!RSC!data!large!areas!of!artifacts!can!occur,!which!will!overshadow!the!affect!of!RNSC!data!on!models!constructed!later.!Figure!17!illustrates!the!case!where!the!presence!of!unhandled!RSC!data!causes!the!loss!of!model!information!and!reduction!of!RNSC!data!impact!on!the!structure!of!the!model.!However!once!MVI!
!
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!
Figure'17'Probability'density'distributions.'(Top'left'and'top'right)'D
ensity'm
odels'for'response'non=specific'com
pounds'(RN
SC)'and'response'specific'
com
pounds'(RSC).'W
hen'these'tw
o'distributions'are'com
bined'(Bottom
'left)'w
ith'out'any'form
'of'm
issing'value'im
putation'(M
VI)'the'resulting'm
odel'causes'
the'loss'of'm
odel'structure'and'the'overshadow
ing'of'RN
SC'data'by'RSC'data.'(Bottom
'right)'true'm
odel'structure'is'captured'only'w
hen'appropriate'M
VI'is'
applied'to'RSC'data.''
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has!been!applied!to!RSC!data!the!model!structure!is!preserved!and!RNSC!data!is!not!overshadowed.!For!this!reason!the!application!of!a!robust!MVI!method!is!needed.!In!this!chapter!we!investigate!the!use!of!kNN!and!EM!algorithms,!as!well!as!a!combined!weighted!EMDkNN!methods!for!MVI.!The!accuracy!of!these!methods!are!then!compared!by!false!positive!rate,!SOM!model!recovery!and!true!value!prediction!accuracy.!
4.3.3 k%th(Nearest(Neighbour((kNN)(Imputation(The!kNN!algorithm![47]!is!widely!used!throughout!all!areas!of!informatics,!and!its!uses!are!well!documented.!kNN!is!a!versatile!algorithm!in!the!previous!section!kNN!was!used!for!feature!alignment,!and!in!the!next!chapter!for!statistical!analysis.!Further!applications!involve!the!use!of!kNN!for!clustering!data!and!classification.!The!kNN!approach!considered!here!seeks!to!find!features!with!similar!data!vectors!for!those!data!points!which!are!nonDmissing![44].!Consider!the!data!set!C !which!contains!only!RSC!and!RNSC!features!and!has! | |C N= .!For!some!RSC!feature! ic C∈such!that | |ic M= !which!has l nonDmissing!data!points!find!a!RNSC!feature! jc j i∀ ≠ .!If!these!two!features!satisfy!equation!(!11!)!!
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for!all!nonDmissing!points!in! ic ,!then! jc !is!selected!as!the!nearest!neighbour!of! ic .!!
ci↔ c j, iff
d j ci,c j( ) =min D ci( )( ), s.t.
dn ci,cn( ) = xlci − xlcn( )
2
∑
!
("11")"
Such!that!D is!a!vector!of!the!distances!of!all! N point!in!C !from! ic ,!and! nclx !is!the!
thl !nonDmissing!value!of! nc .!Now!from!D select!the! k nearest!neighbours!of! ic ,!the!weighted!mean!of!these!features!are!then!used!to!impute!the!missing!data.!Figure!18!illustrates!the!MVI!algorithm!steps!for!kNN!with!k=10,!the!weighted!mean!is!used!to!fill!the!missing!values!of! ic .!
!
Figure"18"Illustrates"the"weighted"kNN"method"for"MVI"for"some"feature ."This"is"carried"by"
giving"each"k"neighbour"a"weight"based"on"the"similarity"of"the"nonBmissing"values"in" .""In"the"
example"illustrated"k=10"neighbours"was"used."
xi
xi
! 
Missing!data!filled!using!weighted!means!of!k=10!neighbours 
!
! 
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4.3.3.1 Algorithm(The!pseudo!code!for!the!kNN!MVI!method!will!be!outlined!here.!Define!the!function ( )iMv c ,!
Mv ci( ) = pm
m=0
M
∑ ,
s.t.p = 0⇔ xm
ci = 0
1⇔ xmci > 0
#
$
%
&%
'
(
%
)%
!
("12")"
Such!all!terms!are!as!defined!above.!!The!weight!function!is!defined!by,!!
wp Dk( ) = k
dpk ci,c p( )
dnk ci,cn( )
n=1
k
∑
!
("13")"
Such!that! kD is!the!subset!of!the! k !nearest!neighbours, ( )kpw D !is!the!weight!of!the!
thp feature!among!the! k !neighbours!and!all!other!variables!are!as!defined!above.!Now!the!steps!for!kNN!imputation!is!as!follows,!
1. For!all!features! ic such!that! ( )iMv c R< ,where! R is!the!number!of!replicates,!find!! = 10!nearest!neighbours!a. Use!equation!(!11!)!to!construct!the!similarity!matrix!which!contain!how!similar!any!given!point!is!from!the!feature!of!interest.!b. From!this!matrix!select!the!! = 10!nearest!neighbours.!!2. Using!the!subset kD !fill!the!missing!values!of! ic !a. Let! pw be!the!weight!of!the! thp !neighbour!of! ic !as!defined!by!equation!(!13!).!
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b. Fill!the!missing!values!of! ic !using!the!weighted!mean!of!all!the! k !neighbours!
4.3.4 Gaussian(EM((GEM)(Imputation(The!use!of!the!expectationDmaximization!(EM)!algorithms!for!MVI!is!well!documented,!with!differing!approaches!yielding!much!better!results!over!standard!methods!for!various!applications!such!as!classification![48],!clustering[49]!!(Wagstaff!discusses!a!EM!clustering!method!which!does!not!require!data!imputation)!and!statistical!analysis.!The!work!here!looks!at!using!the!EM!algorithm!to!impute!missing!data;!this!is!carried!out!by!making!some!assumptions!about!the!data.!!
A1. The!data,!which!is!not!missing!can!be!explained!by!a!Gaussian!mixture!distribution.!!A2. Any!data!point,!which!falls!into!the!first!mixture!component!is!said!to!be!at!the!baseline.!A3. The!missing!data!is!randomly!distributed,!and!is!of!baseline!level!(i.e.!no!missing!data!point!will!fall!into!the!second!mixture!component!of!the!Gaussian!Mixture).!
4.3.4.1 Maximum(likelihood(and(EM(procedure(Define!the!probability!function!for!a!mixture!model!as!for!the!data!set!Y ,!
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p ym( ) = P g( ) p ym | g( )
g=1
G
∑ !
("14")(
Such!that! my Y∈ !is!the! thm !value!in!Y ,! g∈G is!the! gthmixture,!G !is!the!number!of!mixture!components!and! ( )P g !are!the!mixing!parameters!or!weights,!which!are!constrained!by,!!
1
( )
G
g
P g
=
∑ ! ("15")"
0 ( ) 1P g≤ ≤ !
("16")"And!we!defined!the!mixing!parameters! ( )P g !using!the!softmax!function![50].!The!equation!for!a!general!Gaussian!mixture!is,!
( )2
1
( ) ( ) exp
2 2
G
g g
m m g
g
p y P g y
β β
µ
π=
# $
= − −& '
( )
∑ ! ("17")"
Such!that 21g
g
β
σ
= !and! gµ !is!the!mean!of!the! thg !mixture!and!
p ym | g( ) =
βg
2π exp −
βg
2 ym −µg( )
2"
#
$
%
&
' .!Here!we!require 2g = !mixture!components,!
we!set!that 1k = represents!the!lower!bound!or!baseline!values!and! 2k = !represents!the!upper!bound.!The!missing!values!are!filled!using!
2 2
1 1 1 1[ , ]α µ σ µ σ∈ − + .!The!complete!derivation!of!the!equations!used!of!the!EM!algorithm!will!not!be!detailed!here,!this!can!be!found!in!Webb![51]!and!Bishop![50]where!a!procedure!for!a!general!EM!mixture!is!described.!!
The!EM!procedure!is!to!Estimate!the ( )mp y !values!using!! { }2 1( ), ,t g g kP g β µ =Π = and!then!calculate! 1t+Π !(the!parameter!set)!from!the!estimate!by!Maximizing!the!log!
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likelihood!function.!The!equations!which!are!used!to!maximize!the!set!of!
parameters! 1t+Π !are,!µkt+1 = pt ym | g( ) ymm=1M∑
pt ym | g( )
m=1
M
∑
!
1 1
1
( | )
( | )
M
t
m m
t m
k M
t
m
m
p g y y
p g y
µ + =
=
=
∑
∑
!
("18")"
βg
t+1 =
2 pt ym | g( )
m=1
M
∑
pt ym | g( ) ym −µgt( )
2
m=1
M
∑
!
("19")"
Pt+1 g( ) = 1M p
t ym | g( )
m=1
M
∑ ! ("20")"
The!model!is!then!run!for!a!fixed!number!of!iterations.!!
4.3.5 Weighted(EM%kNN((WEk)(GaussianDExpectation!Maximization!(GEM)!and!kthDnearest!neighbour!(kNN)!both!have!advantages!and!disadvantages;!one!of!the!major!disadvantages!of!using!GEM!is!the!requirement!of!the!missing!data!being!at!the!predicted!noise!level.!Whilst!kNN!avoids!this!problem!it!is!however!unable!to!predict!noise!level!and!will!always!seek!features!which!have!similar!patterns.!This!could!lead!to!the!false!identification!and!the!use!of!kNN!for!temporal!data!can!lead!to!errors.!Another!possible!issue!with!the!kNN!approach!arises!when!the!patterns!selected!as!k!neighbours!of!the!feature,!even!though!they!are!similar,!do!not!reflect!the!true!data.!The!kNN!approach!has!a!large!false!positive!rate!while!the!GEM!approach!suffers!from!a!high!MPR!(Missed!Positive!Rate).!
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In!this!section!we!shall!detail!an!approach!which!combines!both!methods,!and!illustrate!how!the!use!of!a!weighted!GEMDkNN!method!increases!prediction!accuracy,!lowers!false!positive!rate!and!MPR.!!
4.3.5.1 Algorithm(We!defined!the!two!data!sets,!Y kNN and!Y GEMwhich!are!the!kNN!and!GEM!filled!data!respectively.!The!WEk!algorithm!combines!these!two!datasets!using!weights!
, {1,2}qw q∀ ∈ !such!that!these!weights!are!constrained!by!!
1i
i
w
∀
=∑ !
("21")"
We!also!apply!the!constraint!that! 1,iw i≠ ∀ .!This!implies!that!for!a!data!setY "which!contains!missing!values,!the!MVI!data!set!is!given!by,!!
1 2
M GEM kNN
i i i iMVI
i i
if y Y y w y w y
Y
else y y
! "∈ ⇒ = +% %
= & '
=% %( )
"
("22")"
Such!that! yiGEM ∈ Y GEM and! yikNN ∈ Y kNN !are!the!kNN!and!GEM!filled!values!for! yi .!The!procedure!is!to!calculate!the!data!sets! !and!!,!then!using!a!optimized!set!of!weights!we!fill!in!the!missing!data.!!
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4.4 Results(and(Discussion(
4.4.1 Filtering(and(Technical(Replicate(Results(
!
"
Figure"19"Overall"Poisson"probability"distribution"of"the"number"of"occurrence"of"features"in"technical"
replicates"from"the"untouched"Arabidopsis"data"described"in"Chapter"3.""Machine!noise!is!present!in!all!systems!which!are!currently!utilized!in!science,!understanding!the!level!of!noise!within!a!system!is!of!great!importance.!Here!we!utilize!a!qualitative!approach!to!gain!a!basic!understanding!of!the!noise!present!in!the!LCDQtoFDMS/MS!which!is!used!for!this!study.!The!number!of!times!an!aligned!feature!must!be!present!in!replicates!(detection!rate!threshold)!can!be!calculated!at!a!technical!and!biological!level.!Each!level!gives!us!insight!into!the!technical!and!biological!noise!present!in!our!data.!In!order!to!determine!the!detection!rate!threshold!the!Poisson!cumulative!distribution!is!used!to!measure!the!confidence!interval!at!which!a!feature!is!detected.!
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!
"
Figure"20"PoS"distributions"(Left)"The"Poisson"probability"distribution"using"the"technical"replicate"
filter."(Right)"The"Poisson"probability"distribution"of"single"technical"replicates"selected"at"random.""!In!order!to!understand!the!technical!and!biological!variation!that!might!occur!the!biological!dataset!described!in!Chapter!3!was!used,!where!untreated!Arabidopsis!thaliana!leaves!were!taken!and!run!multiple!times!through!the!QtoF.!
Figure!19!illustrates!the!poisson!distribution!of!the!detection!rate!of!all!the!unique!features.!The!lambda!for!this!distribution!is!1.95,!which!implies!that!the!95%!confidence!interval!is!at! n ≥ 4 .!Hence!if!a!feature!isn’t!present!in!all!of!our!technical!replicates!then!we!should!consider!this!feature!to!be!occurring!at!random.!For!
n ≥ 3 !the!confidence!interval!is!85%,!which!although!is!low!is!sufficient!for!the!filtering!of!technical!replicates.!
In!order!to!determine!if!the!use!of!technical!replicates!reduces!noise!present!in!the!data!we!use!n ≥ 3 as!a!technical!replicate!filter!and!process!the!data,!along!side!this!random!datasets!are!selected!and!the!lambda!is!calculate!for!each.!!
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!Figure!20!illustrates!that!the!use!of!a!technical!replicate!filter!has!not!change!the!shape!of!the!distribution,!and!examining!the!lambda!values!we!find!that!for!the!filtered!data!λ =1.1832 and!for!the!randomly!selected!data!λ =1.21 .!Similar!as!above!looking!up!the!value!of!n,!which!is!at!the!95%!confidence!interval!we!find!that!for!both!it!is! n = 3 .!This!implies!that!a!feature!detected!at!least!3/5!times!is!detected!at!a!sufficient!rate!and!that!the!use!of!technical!replicates!will!not!lead!to!a!data!set!which!is!at!a!lower!noise!level.!
4.4.2 MVI(Results(In!order!to!determine!the!sensitivity!of!these!approaches!various!forms!of!testing!was!carried!out.!Firstly!the!methods!were!tested!for!their!accuracy!at!predicting!known!values!and!their!sensitivity!to!large!amounts!of!missing!values.!Secondly!their!ability!to!“recovery”!data!significance!and!model!structure!(these!will!be!explained!later)!and!finally!their!ability!to!reduce!false!discovery!rate.!The!final!test!was!carried!out!using!real!data,!while!the!others!were!carried!out!using!artificially!altered!data.!
4.4.3 Prediction(Accuracy(Initially!testing!was!carried!out!to!determine!the!accuracy!of!each!method!at!predicting!known!values!and!their!sensitivity!to!increased!noise.!The!two!methods!differ!in!their!approaches,!and!hence!in!order!to!ensure!that!the!testing!was!unDbiased!two!artificial!datasets!were!constructed.!!
Two!data!sets!were!constructed!for!testing,!one,!which!had!noise!randomly!inserted!(i.e.!by!randomly!removing!data!points)! X {R} !and!the!other!were!data!points,!which!were!at!baseline!noise!level!being!removed! X {M } .!The!second!data!set!is!constructed!such!that:!
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Consider!the!data!set! X "which!has!no!missing!data.!Now!let 1µ be!the!mean!noise!value!for!this!data.!Let! { }MX be!the!data!set!with!M!randomly!removed!
data!points,!such!that!the!removed!points!satisfy! 1
1
2
ix µ β
≤ + !
The!reason!two!data!sets!were!used!is!because!of!the!differences!in!the!kNN!and!EM!approaches.!kNN!seeks!similar!patterns!for!the!missing!value!data!using!nonDmissing!data!while!GEM!attempts!to!predict!the!noiseDbaseline!level!for!a!given!data!set.!For!the!WEk!method!however!we!use!both!data!sets!in!order!to!insure!an!unDbias!test.!The!R!package!impute!contains!this!kNN!MVI!algorithm![44],!the!algorithm!was!reDimplemented!using!Java!to!increase!speed.!!
4.4.3.1 kNN(Prediction(Accuracy(!The!kNN!algorithm!was!tested!using!the!first!data!set,!which!had!randomly!removed!points.!Figure!21!Plot!A!illustrates!the!accuracy!of!the!kNN!method!at!predicting!known!values!for!! = 5!missing!data!points!in!each!feature,!although!there!are!some!outliers!generally!this!method!is!able!to!handle!MVI!for!large!missing!centres!reasonably!well,!as!illustrated!by!Figure!21!table!1.!Increasing!the!number!of!missing!values!to!n=10!(Figure!21!Plot!B)!shows!very!little!loss!in!accuracy!as!highlighted!by!Figure!21!table!1.!Increasing!!!reduces!prediction!accuracy!slightly!however!this!loss!isn’t!particularly!large,!and!the!standard!deviation!does!not!change!to!any!great!extent.!However!if!this!approach!is!applied!to!data!points,!which!are!known!to!be!baseline!values!(i.e.!the!second!data!set)!we!notice!a!significant!loss!in!accuracy!(Figure!21!Plot!C).!This!loss!occurs!because!although!kNN!can!find!neighbours,!which!have!a!similar!pattern!for!the!nonDmissing!data,!the!pattern!explained!by!the!neighbours!for!the!missing!data!isn’t!baseline.!
!
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Figure'21'Prediction'accuracy'of'the'kN
N
'm
ethod'at'predicting'know
n'values,'w
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oved'at'random
.'Plots'A'and'B'illustrates'the'accuracy'of'the'kN
N
'im
putation'
m
ethod'at'predicting'm
issing'values'w
ith'n=5'and'n=10'm
issing'values'for'any'given'feature.'Plot'C'illustrates'the'accuracy'of'kN
N
'at'predicting'm
issing'values'if'the'rem
oved'
values'are'all'baseline'values.'.'The'light'blue'lines'in'each'graph'of'plots'A,'B'and'C'represent'the'difference'betw
een'the'know
n'and'predicted'values'for'each'set'of'features,'
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4.4.3.2 GEM(Prediction(Accuracy(The!sensitivity!of!the!GEM!approach!is!tested!using!the!second!data!set,!which!was!constructed,!Figure!22!Plots!A!and!B!illustrates!the!prediction!power!of!the!GEM!approach!when!faced!with!baseline/noise!level!missing!values.!Similar!to!the!kNN!approach,!the!increase!in!the!number!features!with!missing!values!does!not!affect!the!prediction!power!this!is!to!be!expected!as!the!maximum!number!of!features!do!not!make!up!the!majority!of!the!data.!The!kNN!approach!has!however!smaller!mean!error!(Figure!21!table!1)!while!the!GEM!approach!seems!to!have!a!much!better!overall!performance!as!signified!standard!deviation!(Figure!22!table!1).!In!fact!the!increase!in!both! !and!!!seem!to!increase!the!overall!performance!of!the!GEM!method.!If!we!now!however!apply!the!GEM!method!to!the!first!set!of!data!we!notice!a!very!dramatic!loss!in!accuracy,!as!illustrated!by!Figure!22!Plot!C.!The!reason!for!this!lower!accuracy!is!that!the!randomly!removed!data!points!are!not!data!points,!which!are!baseline/noise!values;!instead!some!of!these!features!are!well!above!the!noise!level,!which!implies!that!filling!these!data!points!with!baseline!values!would!be!incorrect.!
!
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!
Figure'22'Prediction'accuracy'of'the'GEM
'm
ethod'at'predicting'know
n'values,'w
hich'are'baseline'rem
oved.'Plots'A'and'B'illustrates'the'accuracy'of'the'GEM
'
im
putation'm
ethod'at'predicting'm
issing'values'w
ith'n=5'and'n=10'm
issing'values'for'any'given'feature.'Plot'C'illustrates'the'accuracy'of'GEM
'at'predicting'm
issing'
values'if'the'rem
oved'values'are'random
.'The'light'blue'lines'in'each'graph'of'plots'A,'B'and'C'represent'the'difference'betw
een'the'know
n'and'predicted'values'for'
each'set'of'features,'the'dark'blue'represent'the'average'error,'w
hile'the'red'line'represents'the'standard'deviation'of'the'errors.'Table'1'illustrates'the'm
ean'error'
and'the'standard'deviation'for'plots'A'and'B.'
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4.4.3.3 WEk'Prediction'Accuracy'The!prediction!accuracy!of!the!WEk!method!will!be!measured!differently,!rather!than!considering!the!loss!of!accuracy!of!increasing!the!amount!of!missing!values,!we!look!at!optimizing!the!weights!to!reach!the!highest!accuracy.!This!accuracy!is!then!compared!with!the!calculated!accuracy!from!each!method.!For!testing!two!data!sets!are!considered!one!derived!from!the!randomly!inserted!noise!data!and!the!other!from!the!baseline/noise!level!data.!Both!data!sets!contain!the!same!number!of!missing!features!with!the!same!number!of!missing!replicates!(i.e.!both!data!sets X !and!Y !contain!the!same!M!and!!).!!
It!is!important!to!note!that!it!is!assumed!that!the!missing!value!data!which!is!handled!in!this!research!is!closely!reflected!by!the!data!used!for!GEM!prediction!accuracy.!The!purpose!of!this!chapter!is!to!determine!whether!WEk!yields!higher!accuracy!over!it!parents,!hence!consideration!will!be!given!to!both!types!of!data.!
!
97!
!
Figure'23'.Plot'A'–Plot'I'.'W
Ek'applied'to'the'data'used'for'EM
'prediction'testing'w
ith'76'm
issing'features'w
ith'10'replicates'rem
oved'for'each'feature.'Plot'J'highlights'that'
increasing'the'w
eight'of'the'EM
'part'increases'the'prediction'accuracy..''
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!
Figure'24'Plot'A'–Plot'I.'W
Ek'applied'to'the'data'used'for'kN
N
'prediction'testing'w
ith'76'm
issing'features'w
ith'10'replicates'rem
oved'for'each'feature.'Plot'J'show
s'that'
increases'the'w
eight'on'the'EM
'reduces'the'error'but'not'at'the'sam
e'rate'as'in'the'previous.'
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Initially!testing!was!carried!out!using!the!second!data!set,!were!the!noise!was!inserted!at!a!baseline!level!(i.e.!the!data!points!removed!were!at!baseline).!Figure!23!(Plots!AAI)!proves!the!findings!from!the!previous!two!sections,!where!an!EM!weighted!WEk!model!yields!a!much!higher!accuracy.!Figure!23!Plot!J!(which!illustrates!the!reducing!of!the!mean!error!as!well!as!the!standard!deviation!as!the!EM!weight!is!increased.!The!much!more!interesting!result!is!however!noted!with!respect!to!analysis!carried!out!on!the!first!(random!data)!data!set,!where!increasing!the!weight!of!the!EM!part!of!the!WEk!model!yields!a!slightly!elevated!mean!error!however!with!a!much!lower!standard!deviation,!as!seen!in!Plots!A!–!I!in!Figure!24.!The!standard!deviation!also!seems!to!converge!at!the! !" = 0.8!and!!!"" = 0.2!model.!!The!Plot!J!of!Figure!24!shows!the!convergence!of!the!standard!deviation,!as!well!as!illustrating!how!the!overall!mean!error!for!each!model!seems!to!converge!to!zero,!indicating!that!a!GEM!weighted!model!once!again!yields!much!more!robust!data!set.!!
In!order!to!truly!compare!and!validate!these!finding!we!must!first!use!a!method!which!allows!for!all!three!methods!to!be!run!on!the!same!data!without!the!induction!of!a!bias,!and!such!that!the!data!is!not!artificially!created.!!!The!kNN!and!GEM!methods!both!were!able!to!predict!the!missing!values!for!their!respective!data!sets!with!high!accuracy,!however!lost!accuracy!when!applied!to!the!other!data!set.!The!WEk!method!highlights!consistent!performance!under!all!conditions!for!a!set!of!optimized!weights.!In!order!to!test!the!accuracy!of!these!methods!at!recreating!the!‘data!structure’!a!different!method!must!be!applied!and!in!order!to!understand!their!robustness!with!respect!to!experimental!data!we!must!consider!the!false!positive!rate!of!the!methods.!
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4.4.4 Self'Organizing'Map'(SOM)'Model'Recovery''
!
Figure'25'The'true'structure'of'the'SOM'model'for' X .'Represented'here'is'a'31x31'grid'of'
neurons/clusters,'which'were'iterated'for'10000'cycles.'SelfAorganizing!maps!(SOM)!use!an!NxM!grid!of!neurons!(in!most!cases!N=M)!or!clusters!where!data!can!points!can!be!assigned!to.!In!this!manner!two!neurons,!which!are!spatially!close!will!share!some!similarity!in!their!pattern.!SOM!is!also!a!good!way!of!visualizing!the!structure!of!a!dataset;!Figure!25!illustrated!the!SOM!model!of! X .!SOM!modeling!is!used!in!a!variety!of!method!in!this!section!SOM!data!analysis!was!employed!to!test!the!ability!of!each!algorithm!at!recovering!the!structure!of!the!data.!For!SOM!testing!the!data!sets!used!in!the!previous!section!are!utilized.!Let! X {R} !be!the!random!noise!data!set!used!for!kNN!testing!and! X {M } !the!baseline!removed!data!set!used!in!GEM!testing.!We!define!the!data!set! X as!the!true!data!set!with!no!missing!values.
!
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! Plot!B
!
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!
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The!perturbation!of!the!data!due!to!the!two!different!datasets!which!were!generated!( X {R} !and! X {M } )!is!illustrated!by!Figure!26!Plot!A!(left).!Figure!26!Plot!A!such!that!the!top!left!figure!represents! !!and!the!bottom!left!!.!The!two!images!on!the!right!represent!the!difference!between!the!!!model!and!the!models!for! !and!!.!!We!shall!quantify!the!recovery!of!the!!!model!by!consider!the!mean!error!and!the!standard!deviation!of!the!error.!The!recovery!error!!!will!be!defined!as!the!difference!of!the!mean!for!each!neuron.!For!the!data!sets! !and!!!the!mean!and!standard!deviation!of!the!error!are!!! = {|!| = 1.443,! = 1.31452}!and!!! =|!| = 4.30462,!! = 1.1512 !respectively.!!This!indicates!that!the!baseline!removed!data!!!causes!a!much!greater!perturbation!of!the!model!structure.!!Due!to!the!large!perturbation!caused!by!baseline!removal!it!would!be!expected!that!the!application!of!MVH!would!have!a!significant!effect!on!the!SOM!model,!whereas!MVH!applied!to! !might!have!a!less!significant!affect.!Figure!26!Plot!B!illustrates!the!rate!of!model!recovery!for!both! !and!!!with!various!MVH!methods!applied.!The!results!for!!!complement!our!previous!accuracy!testing!and!show!that!a!EM!weighted!WEk!model!provides!the!greatest!accuracy.!The!reason!for!the!lack!of!recovery!power!of!the!kNN!approach!is!down!to!the!fact!that!the!data!is!made!up!of!baseline!missing!values.!Upon!closer!examination!we!note!that!a!WEk!with!!! = 0.8!and! ! = 0.2!(E8K2)!increases!the!accuracy!of!the!MVH!data!and!decreases!the!standard!deviation.!!When!we!consider!the!results!for! !we!note!an!interesting!result,!where!the!EM!weighted!WEk!models!seem!to!have!a!lower!mean!error!value,!although!they!have!a!very!large!standard!deviation.!Figure!26!Plot!C!illustrates!the!affect!of!the!increased!EM!on!the!mean!and!the!standard!deviation!for!both!data!sets.!It!is!noticed!that!the!E8K2!model!seems!to!have!the!best!overall!result!for!both!data!sets.!!
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In!summary,!from!these!tests!it!is!clear!that!WEk!out!performs!its!parents!at!both!predicting!known!values!as!well!as!generating!data!sets!with!very!similar!structure!to!the!true!data.!In!practice!we!do!not!know!the!structure!of!the!true!data,!hence!judging!the!performance!of!a!method!solely!on!artificial!data!is!insufficient.!Therefore!we!shall!further!test!these!methods!using!the!same!data!set!but!with!all!the!noise!included!(noise!here!refers!only!to!TDF!data).!
4.4.5 False)Positive)Rate)
!
Figure!27!False!positive!rate!for!various!MVH!methods!Both!true!value!prediction!accuracy!and!the!SOM!model!recovery!test!used!artificially!created!data,!hence!do!not!truly!give!insight!into!the!abilities!of!these!algorithms!at!handling!real!noise.!False!positive!rate!can!be!used!to!test!the!strength!of!the!MVH!method!used.!A!randomly!selected!time!point!is!used,!and!histogram!density!modeling!(described!in!Chapter!5)!is!applied!to!each!data!set!
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generated.!Unlike!in!the!previous!section!were!we!tested!all!possible!combinations!here!we!will!look!at!6!possible!WEk!models.!!
We!noticed!above!that!the!use!of!a!WEk!model!with!a!GEM!bias!produced!the!most!accurate!results,!this!hypothesis!is!confirmed!by!the!false!positive!rate!test!as!well!as!seen!from!Figure!27.!
False!positive!rate!for!the!E8K2!model!is!zero!and!has!the!highest!positive!rate!(PR)!which!indicates!that!this!data!set!has!the!lowest!level!of!noise,!and!hence!would!produce!robust!models.!As!expected!using!a!heavy!kNN!weighted!WEk!model!caused!a!very!large!increase!in!false!positive!rate!and!a!decrease!in!PR.!
4.4.6 Conclusion)The!EM!and!kNN!method!for!MVH!both!contain!weaknesses!which!are!compensated!for!by!the!use!of!the!WEk!method.!During!testing!we!found!that!the!E8K2!model!produced!a!data!set!with!the!lowest!false!positive!rate!and!highest!PDR!values,!as!well!as!illustrated!high!SOM!recovery!and!prediction!rates.!!Therefore!it!is!fair!to!conclude!that!the!use!of!the!E8K2!model!would!give!data!with!the!lowest!levels!of!noise,!and!would!reflect!the!true!structure!and!value!of!the!data!sets.!We!have!shown!that!the!WEk!method!does!not!rely!heavily!on!assumption!A3!(The$missing$data$is$randomly$distributed,$and$is$of$baseline$level)!however!its!presences!increase!the!model!accuracy.!Further!work!is!needed!to!improve!the!baseline!finding!GEM!algorithm!allowing!for!variable!boundaries.!This!can!be!accomplished!by!the!use!of!a!learning!method,!which!would!use!the!RNSC!data!in!finding!the!optimal!boundary!for!the!baseline.!The!downside!to!this!would!be!the!lowered!model!convergence!rate.!! !
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 Introduction)5.1Statistical!analysis!is!an!important!procedure!in!biological!sciences.!Statistical!methods!such!as!Student!t\test,!ANOVA!and!Bayesian!techniques!(among!others)!are!commonly!used!to!test!experimental!hypothesises.!Various!problems!can!be!encountered!when!using!parametric!modelling,!for!example!if!a!dataset!violates!the!assumption!of!a!normal!or!Gaussian!distribution!this!will!lead!to!false!positives![52]!.!Another!is!the!need!to!calculate!the!mean!and!standard!deviation!from!the!data.!For!large!datasets!with!a!large!number!of!replicates!an!accurate!calculation!can!be!obtained,!however!for!most!low!replicate!data!this!is!difficult.!Three!different!non\parametric!methods!for!approximating!the!probability!distribution!are!investigated!in!this!chapter,!and!a!comparison!of!the!significant!features!among!the!three!methods!and!the!Student!t\test!are!highlighted.!!
Along!with!statistical!analysis,!similarity!or!cluster!analysis!can!also!reveal!a!great!deal!of!information.!There!are!currently!a!large!number!of!machine!learning!approaches,!which!are!used!for!clustering!(Self!Organising!Maps,!Kmeans,!Affinity!Propagation!etc).!In!this!section!rather!than!applying!clustering!our!main!focus!is!to!determine!the!‘set!partitioning’!that!is!occurring.!
 Experimental)Design)5.2A!full!description!of!the!wet!lab!experiment,!and!extraction!protocol!used!was!described!in!Chapter!2.!The!aligned!missing!value!imputed!data!is!now!used!for!significant!analysis.!!
 Notation)Used)5.3For!the!remainder!of!this!chapter!the!data!set!Cwill!be!the!consensus!data!set,!which!contains!all!the!true!aligned!features!of!the!3!experiments!and!their!9!time!
! 107!
points!(for!most!of!the!analysis!the!0h!time!point!will!not!be!considered).!A!feature!in!C !is!defined!by!
ci = ciM ,ciRT ,ciDC,cihrpA,cimock{ } ! (!23!)!
Such!that! ciM , ciRT are!the!mass!and!retention!time!of!this!feature,!and! ciDC , cihrpA and!
cimock are!5x10!matrix!containing!the!abundance!of!the!five!replicates!of!this!feature!across!the!time!course.!
 Dataset)Used)5.4For!the!purpose!of!method!testing,!and!general!visualization,!the!DC3000,!and!
hrpA$infiltrated!tissue!datasets!8hpi!were!used.!All!the!data!presented!in!the!testing!uses!the!comparison!between!DC3000!vs!hrpA.!
 Transformation,)Distance)Metric)and)Resampling)5.5
 Transformation)5.5.1Data!extracted!using!biological!samples!will!consist!of!both!natural!biological!variation!as!well!as!technical!error!due!to!machine!sensitivity!and!variance!in!sample!extraction.!In!the!previous!chapters!we!considered!post!processing!of!data!and!the!various!methods!that!are!implemented!to!reduce!the!variation!in!the!data,!and!remove!missing!values.!In!order!to!reduce!the!effect!of!outliers!data!normalisation!is!carried!out.!Various!normalisation!techniques!exist.!In!this!section!we!will!discuss!two!techniques!that!are!commonly!used,!linear!scaling!and!base\2!logarithmic!normalisation.!!
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Early!on!in!the!study!it!was!realised!that!some!form!of!normalisation!was!required.!Initial!work!centred!around!data!normalization!using!linear!scaling!which!squashes!the!data!between!a!predefined!range,!e.g.![0,1].!!
!
Figure!28:!Models!constructed!for!the!two!scaling!methods.!(Top)!Data!was!scaled!between![0,1]!using!
linear!scaling!and!Histogram!modelling.!(Bottom)!Data!is!scaled!using!Log2!scaling!and!Histogram!
modelling!is!carried!out.!
cˆiE =
ciE − SL
SM − SL
!
(!24!)!
Such!that! ciE !is!the!abundance!of!the! ith !feature!in!Eth !experiment!inC !and! cˆiE !its!scaled!value.! SL !is!the!centre!around!which!all!other!points!will!be!scaled!and!SM is!allowed!maximum!of!scaling.!For!linear!scaling!into!the!range![0,1] !SL =min ciE( ) !
and! SM =max ciE( ) .!!
A!second!method!is!base\2!logarithm!transformation,!which!only!applies!to!large!scale!data!and!is!defined!by!
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ciE = log2 ciE +1( ) ! (!25!)!
Similarly! ciE !is!the!scaled!value!of! ciE ,!here!1!is!added!in!order!to!deal!with!zeros.!Models!were!constructed!for!each!scaling!method!in!order!to!determine!if!the!use!of!linear!scaling!over! log2normalization!was!better!suited!to!the!metabolite!data.!!
It!was!found!that!using!linear!scaling!caused!the!loss!of!model!structure,!while!!"!!!normalisation!highlighted!these!features.!This!is!illustrated!in!Figure!28,!where!the!model!structure!highlighted!by!the! !normalised!model!(lower!panel)!is!not!seen!in!the!linear!scaled!model!(top!panel).!It!is!also!clearly!visible!that!the!linear!scaled!model!produces!a!very!heavy!tailed!model,!which!would!lead!to!a!high!false!positive!rate.!Therefore! !normalisation!was!used!for!all!of!the!models!constructed.!
 Distance)Metric)5.5.2An!appropriate!distance!metric!is!required!in!order!to!carry!out!any!pairwise!differential!analyses.!Various!distance!metrics!are!available!for!use![51],!and!for!the!work!carried!out!here!the!Minkowski!distance!of!order!m!was!used.!!
! (!26!)!
Such!that! !and! !are!the! !replicate!of!the! !feature!in!the!two!experiments! !and! respectively,!and! !is!the!total!number!of!replicates.!When! this!then!becomes!the!Euclidian!distance!metric,!this!is!the!most!common!metric!used!for!pairwise!analysis,!however!this!metric!does!not!give!an!
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indication!of!directionality!of!change.!Hence!in!order!to!preserve!this!information!is!used.!
 ReFsampling)5.5.3A!re\sampling!method!was!used!due!to:!
1. The!lack!of!a!distinct!pairing!of!replicates!2. The!level!of!variation!present!in!one!feature.!
This!method!gives!a!higher!confidence!in!compounds!selected!as!significant.!There!are!various!re\sampling!methods!which!can!be!utilized,!Westfall!et!al.![53]!discusses!such!methods.!In!this!work!a!method!similar!to!the!Randomization!Exact!Test!is!utilised.!Let!two!experiments!have! !replicates,!there!are!2!unique!re\sampling!models!which!can!be!constructed,!
!
(!27!)!!
!
Where! is!a!unique!permutation!of!the!set!{1,2},!which!implies!that!we!can!have!at!most! possible!unique!sets!for!a!data!set!with! replicates!with,!
!
(!28!)!Each!unique!model!is!then!built,!and!a!sub\set!of!significant!compounds!are!extracted.!Filtering!is!applied!to!remove!any!false!positives.!This!is!achieved!by!only!accepting!data!points!which!are!selected!as!significant!N!number!of!time,!with!
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! < !.!We!now!defined!a!new!set! !which!is!the!set!of!all!random!samples!for!each! feature!in! ,!
!
(!29!)!
!
 Probability)Density)Estimation)(PDE))5.6
In!order!to!analyse!the!discriminate!patterns!which!are!present!in!our!data,!PDE!was!carried!out!on!the!data!given!by!(!29!).!There!are!three!main!approaches!to!PDE!parametric,!non\parametric!and!semi\parametric.!Only!the!first!two!methods!are!discussed!here.!The!most!commonly!used!approach,!parametric!PDE!modelling,!assumes!a!functional!form!of!the!probability!density!function!(PDF),!and!uses!the!data!to!estimate!the!mean!and!standard!deviations.!Two!common!methods!which!are!utilized!for!statistical!testing!are!the!Analysis!of!variance!(ANOVA)!and!the!Student’s!t\test.!The!latter!is!used!for!pairwise!comparison!whilst!
X
i ∈ I C
X = di,∀n =1,..., I{ }
wheredi = {di1,...,diN}
!
Figure!29!The!use!of!normal!assumption!for!this!data!set!yields!an!incorrect!model.!The!true!model!
of!the!DC!vs!hrpA!data!is!nonQnormal,!this!was!constructed!using!a!nonQparametric!method.!
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ANOVA!is!used!for!multivariate!testing.!For!the!purposes!of!this!analysis!the!Student’s!t\test!is!used!as!the!example!of!a!parametric!model.!!
!The!use!of!parametric!models!can!lead!to!incorrect!model!identification,!due!to!the!use!of!an!incorrect!PDF!assumption.!Figure!29!illustrates!how!the!use!of!a!normal!assumption!causes!an!incorrect!model!selection,!hence!leading!to!false!results.!Another!issue!with!parametric!modelling!is!the!need!for!large!amount!of!replication!to!calculate!an!accurate!standard!deviation.!Due!to!the!low!replication!in!this!dataset!the!use!of!the!Student’s!t\test!to!calculate!the!p\value!of!the!data!illustrated!above!results!in!an!high!false!positive!rate.!!One!method!to!rectify!this!problem!is!to!use!non\parametric!modelling.!While!there!are!various!non\parametric!PDE!models!which!can!be!used,!here!the!focus!will!be!on!three!specific!methods,!the!Histogram!and!kNN!approaches!which!are!derived!from!the!same!equation!and!the!Kernel!approach!which!uses!smoothing!functions!to!determine!the!PDE.!In!order!to!calculate!the!p\value!of!a!given!compound!a!simple!numerical!integrator!is!used!(discussed!in!4.4.5).!
 Histogram)Approach)to)PDE))5.6.1Consider!the!equally!spaced!mesh ,!which!partitions!the!data!into!partitions.!The!size!of!these!partitions!is!fixed!at! .!The!approximate!density!of!a!data!point! is!given!by,!!
!
(!30!)!
such!that! !is!the!number!of!data!points!in!the! bin!which!contains! !and! is!the!total!number!of!data!points!in! [51].!Δx is!also!known!as!the!smoothing!parameter!of!this!function.!Great!care!is!needed!when!selecting!an!appropriate!bin!
Dx Dx
Dxm −Dxm−1 = Δx
ci
pˆ ci( ) =
Km
IΔx
Km mth ci I
C
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width!as!too!large!of!a!value!leads!to!under\smoothing,!which!tends!to!create!noisy!models!with!high!variance,!while!small!values!lead!to!over\smoothing!which!causes!the!loss!of!information!on!underlying!patterns.!Various!methods!for!bandwidth!selection!have!been!proposed,![54],![55]discusses!the!method!for!optimal!bandwidth!selection!for!the!histogram!approach.!!Some!preliminary!testing!was!carried!out!to!determine!the!optimal!!
!
Figure!30!Histogram!distributions!generated!using!two!different!dx!values.!Lowering!the!bandwidth!
elucidates!more!structure!to!the!distribution!however!makes!the!distribution!more!noisy.!bandwidth!to!use.!Figure!30!illustrates!two!models!which!were!constructed!on!the!same!data!using!two!different!bin!sizes.!!First,!it!is!clearly!visible!that!the!use!of!the!smaller!bin!size!causes!the!loss!of!some!information.!!Secondly!looking!at!the!constructed!model!it!is!evident!that!there!is!some!banding!which!occurs!due!to!the!smaller!bin!size.!A!method!for!bandwidth!selection!was!utilized!which!will!be!discussed!in!a!later!section.!
 !Algorithm!5.6.1.1The!algorithm!used!for!PDE!construction!through!the!use!of!histograms!will!be!expanded!here.!Consider!the!data!set! ,!as!defined!by!(!29!)!which!contains!X I
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features!with!differential!expression!vector! !construct!an!equally!spaced!mesh!of!size! ,!with!fixed!bin!size!of! .!
1. For!all!data!points!in! !!a. !find!the!interval!such!that! ,!continue!to!the!next!feature!in .!2. Determine!the!number!of!features!which!fall!into!each!interval.!3. Using!equation!(!28!)!calculate! !the!probability!of!!
the! !random!distance!for!each!feature.!
The!procedure!for!the!histogram!approach!is!fairly!simple!leading!to!the!simplest!modelling!method.!!
 kth)Nearest)Neighbour)(kNN))5.6.2kth!Nearest!Neighbour!(kNN)!follows!a!similar!methodology![51]!to!that!of!the!Histogram!approach,!however,!instead!of!fixing!the!bin!size!(i.e.!having!an!equally!spaced!mesh)!the!number!of!points!which!should!make!up!a!bin!is!fixed.!!Let !be!the!number!of!points!which!are!present!in!any!bin/volume! ,!such!that! ,!the!number!of!points!allowed!is!fixed,!and!where! !is!the!number!of!volumes.!The!equation!is!given!by,!!
!
(!31!)!
Such!that! is!the!size!of!the!volume!of! .!As!with!the!Histogram!approach!an!appropriate!smoothing!function!is!required,!however,!unlike!the!histogram!approach!the!smoothing!function!is! .!Setting!too!small!a!value!for!K!leads!to!a!
di
Dx =M Δx
∀din ∈ di din ∈ Dxm,Dxm+1[ )
X
Pn = pˆ ci( ),∀i =1,..., I{ }
nth
K
Vm ∀Vn
M
pˆ ci( ) =
K
IΔV ci( )
ΔV ci( ) ci
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“spiky”!and!un\converged!model,!while!too!large!a! !leads!to!over\smoothing,!and!loss!of!patterns,!illustrated!Figure!31!hence!a!data!appropriate! must!be!chosen.!!
 Bandwidth!5.6.2.1Similar!to!the!histogram!approach,!an!optimization!of! !was!needed.!Figure!31!illustrates!the!need!for! optimization.!Two!models!are!represented!in!the!figure,!!and! ,!whilst!the!former!is!un\converged!and!noisy,!we!can!see!that!!
!
Figure!31!kNN!distribution.!Plot!A!(Left)!shows!the!kNN!density!estimation!with!k=2,!and!Plot!B!!(right)!
shows!the!kNN!density!estimation!with!k=50.!It!can!be!clearly!seen!the!k=50!has!converged!closer!to!
the!true!density!shown!in!red.! !
(!32!)!
the!latter!seems!to!fit!the!model!much!better.!There!is!however,!a!computational!trade!off!to!using!a!large! value!and!as!we!increase! !the!computational!cost!increases.!This!must!be!considered!when!optimizing .!
 Decision!Rule:!Neighbor!selection!5.6.2.2Consider!the!feature! ,!then! belongs!to!the!set!of! !if!and!only!if,!!
K
K
K = 2 K = 50
djn − din ≤ ΔV ci( )
K
K
c j c j ci
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If! ,!then! is!clustered!irrespective!of!(!32!)!.!Alternatively!if!(!32!)!is!
true!and! !then!we!remove from! !if! .!!
 Algorithm!5.6.2.3Let!! = !!
1) !find!the! nearest!neighbors!that!satisfy!(!32!).!!2) Determine!the!probability!of!each!feature!using!(!31!).!3) Repeat!for!all!random!distances.!!
The!method!for!PDE!using!kNN!is!fairly!simple!however!for!large!number!of!features!the!computational!time!could!be!large.!
 Kernel)Density)Estimation)5.6.3
!
Figure!32!A!range!of!smoothing!parameters!for!the!Kernel!density!approximation!method.!(Left),!the!
use!of!a!very!small!smoothing!parameter!causes!the!model!to!be!unQconverged,!whilst!(Right)!too!large!
of!a!value!causes!the!loss!of!information!through!over!smoothing.!!A!more!computational!simple!method!is!the!Kernel!density!estimator.!Like!the!histogram!approach!the!Kernel!method!uses!a!fixed!bin!size!(or!volume)!and!determines!the!density!using!the!number!of!points!within!this!fixed!bin.!!
V ci( ) < K c j
V ci( ) = K ck V ci( ) dkn − d in = ΔV ci( )
∀ci k
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(
(!33!)!
Such!that! is!a!smoothing!parameter!(bin),!and! is!some!weighted!function!known!as!the!kernel,!all!other!terms!are!as!before.!Various!kernels!can!be!implemented![51],!for!this!study!a!Gaussian!kernel!was!used!as!given!by,!
K u( ) = 12π exp −
1
2 u
2"
#
$
%
&
' !
(!34!)!
such!that! ,!and!all!other!terms!are!as!normal.!!
 Bandwidth!5.6.3.1Similar!to!the!histogram!approach,!and!kNN!the!selection!of!a!correct!smoothing!parameter!is!necessary!both!for!model!convergence!as!well!as!to!reduce!false!positives.!Too!large!an!h!value!and!the!model!is!over\smoothed!resulting!in!the!loss!of!fine!detail,!whilst!too!small!of!a!value!and!the!model!does!not!converge.!Various!methods!have!been!put!forward!for!smoothing!parameter!selection![51],![56].!Figure!32!illustrates!cases!of!over!and!under\smoothing!due!to!incorrect!model!selection.!
 Bandwidth)optimization)5.6.4In!the!section!5.5.1\5.5.3!it!was!demonstrated!that!the!selection!of!the!bandwidth!was!crucial!for!the!identification!of!true!model!structure.!Here!a!simple!method!for!model! selection!will! be! outlined;! this!method!was! used! for! all! three! approaches!discussed!here.!!Define !as,!!
pˆ ci( ) =
1
I K
djn − din
h
"
#
$$
%
&
''
j=1
I
∑
h K
u = dj
n − din
h
γ
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!
(!35!)!
Such!that! !is!the!number!of!incorrect!positive!predictions,! !is!the!number!of!incorrect!negative!predictions!and! !is!the!number!of!correct!positive!predictions.!This!is!a!minimization!problem,!where!the!object!of!minimization!is! .!!
 Algorithm!5.6.4.1The!algorithm!follows!an!iterative!set!of!steps,!
1) Randomly!select!a!starting!bandwidth! !2) Generate! !equally!spaced!bandwidths.!3) Apply!the!PDE!algorithm!using!these! !bandwidths,!!4) Calculate!the!approximate!p\value!(see!section!below)!5) Let!!!!be!the!differential!expression!threshold!for!significance,!and!!!!be!the!p\value!threshold!for!significance.!a) Using!equation!(!35!)!calculate!the!error!value!for!the!each!bandwidth.!6) Find! !such!that! !
Depending!on!the!starting!value!of!the!bandwidth,!the!optimal!bandwidth!is!rapid!and!does!not!require!large!computational!time.!!This!is!a!fairly!simple!method!for!optimizing!the!bandwidth.!A!great!deal!of!research!has!been!carried!out!in!development!of!(complex)!methods![54–56]!to!determine!an!optimal!bandwidth.!
 pFValue)Approximation)5.6.5The!p\value!is!defined!as!the!measure!of!strength/evidence!of!a!result![54–56].!In!other!words!we!can!assume!that!if!a!result!falls!in!a!99%!confidence.!The!integral!
γ h( ) = bb+ d +
c
c+ d
b c
d
γ h( )
h > 0
L
L
hl γ l =min γ( )
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of!the!probability!density!fuction!(PDF)!will!allow!us!to!find!the!area!which!is!in!the!99%!confidence!interval,!therefore!define!!
p x( )dx
−∞
∞
∫ =1 ! (!36!)!
Since!the!PDE’s!constructed!above!do!not!have!a!PDF!defined,!a!numerical!method!for!determining!the!area!is!required.!To!achieve!this!we!will!expand!the!method!for!the!histogram!approach,!however!it!should!be!noted!that!this!method!is!extended!to!both!kNN!and!the!kernel!methods!as!well.!!
The!integration!method!adopted!here!is!very!simple,!and!is!known!as!the!rectangle!method.!This!method!calculates!the!area!of!a!set!of!rectangle!to!determine!the!area!under!a!given!function.!!
 Numerical!Integration!5.6.5.1Consider!the!function! f z( ) ,!break!the!function!into! n rectangles!R such!that!the!height!of!the!rectangle!is!equal!to!the!value!of! f z( ) !at!the!mid\point!of!the!R .!The!area!is!only!an!approximate!of!the!true!integrated!area.!Now!the!histogram!method!already!has!been!broken!into!!!histograms,!and!the!height!of!each!was!determined!using!(!30!),!hence!this!is!a!fairly!simple!method!to!calculate!the!p\value!for!each!histogram!using,!!
apv Hm( ) = Δx*H j( )
j=m
M
∑ !
(!37!)!
Such!that!Hm !is!the!mth !histogram,!and!Δx !is!the!bandwidth!used!to!generate!the!PDE.!!
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 Significance!5.6.5.2As!already!mentioned!this!method!for!calculating!the!p\value!is!only!an!approximation,!and!therefore!carries!a!bias.!Therefore!in!order!to!make!sure!that!the!significance!selection!is!correct!the!re\sampling!method!discussed!above!is!used.!N re\sampled!models!are!constructed,!and!!"#!values!calculated.!The!significance!set!for!each!N re\sampled!models!are!selected.!From!this!the!converged!set!is!then!selected!as!the!significant!set!for!the!experiment.!!
 The)Student’s)tFtest)5.6.6The!Student’s!t\test!is!the!one!of!the!most!commonly!used!statistical!methods!in!biological!sciences.!However!this!test!is!greatly!affected!by!the!level!of!replication,!and!datasets!which!contain!low!replicates!can!yield!a!large!number!of!misclassifications.!!The!equation!of!calculating!the!t\score!is!given!by,!
!
(!38!)!
Such!that! , are!the!sample!mean!for!the! !feature!in!the!two!experiments,!
, !are!the!unbiased!standard!deviations!of!these!features!and! is!the!number!of!replicates!for!that!feature.!The!unbiased!standard!deviation!is!calculated!by,!!
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σ ci
P
=
1
R−1
xkci
P
−µ ci
P( )
2
k=1
R
∑ ! (!39!)!
Such!that!all!terms!are!as!defined!previously.!This!estimate!is!greatly!affect!by!the!size!of! ,!the!smaller!the!value!of! the!large!the!error!of!the!predicted!value!from!the!true.!!
The!p\value!of!the!given!t\statistic!is!calculated!using!the!native!R!function.!A!p\value!calculation!was!not!implemented!for!this!method.!
 Prediction!error!testing!5.6.6.1A!great!deal!of!work!has!already!been!carried!out!to!determine!the!loss!of!accuracy!of!the!student!t\test!with!replication.!Methods!to!compensate!for!this!loss!in!accuracy!have!also!been!discussed!in!great!detail.!In!this!section!we!make!no!attempt!to!compensate!for!accuracy!loss,!instead!we!carried!out!a!comparison!between!the!t\test!and!the!non\parametric!methods!discussed!above.!!
 Venn)Diagrams)and)Cluster)Analysis)5.7Cluster!analysis!is!used!in!biological!sciences!for!a!large!variety!of!applications.!Methods!such!as!PCA!and!Kmeans!are!often!used!to!understand!data!partitioning!and!co\regulations.!While!affinity!propagation!is!commonly!used!to!understand!the!temporal!affects.!Rather!than!using!conventional!clustering,!a!simple!method!of!set!partitioning!is!used!to!‘break’!the!data!into!a!set!of!unique!sub\sets!of!the!whole!data.!Each!subset!then!contains!metabolites/features!which!meet!a!set!of!criteria!to!enter!the!set.!!
R R
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 A)simple)form)of)Set)Partitioning)5.7.1A!method!following!set!theory!is!used!to!partition!the!data!in!to!7!sets.!Consider!the!universal!sets!U !such!that,!C ∈U .!Where!the!sets are!subsets!of! ,!
and!represent!the!three!treatments.!We!then!define!the!unique!sets! such!that,!
! (!40!)!
A!feature!in! Dˆ !satisfies!the!criteria,!
ci ∈ Dˆ !if!and!only!if! ciDC − cihrpAcimock"#$%$ ≥ Δ ! (!41!)!
Such!that!Δ !is!some!fold!change,!and!all!other!terms!are!as!defined!previous.!Note!that!the!direction!of!change!is!important!here!and!only!those!features,!which!are!up!in!DC!are!selected!for! Dˆ .!Similarly!for! Hˆ !and! Mˆ .!
The!intersection! is!such!that!no!feature!in!this!intersection!is!in! !or! .!The!elements!in!the!intersection!are!such!that,!!
ci ∈ D∩H !if!and!only!if! ciDCcihrpA !"#$#− cimock ≥ Δ ! (!42!)!
Similarly!for! !and! ,!and!any!features!which!do!not!fall!into!these!sets!are!part!of! .!Using!this!data!partitioning!we!split!the!data!into!subsets!which!we!are!then!able!to!further!analyze.!!
D,H,M C
Dˆ, Hˆ, Mˆ
Dˆ∩ Hˆ, Dˆ∩ Mˆ, Hˆ∩ Mˆ = 0
D∩H Dˆ Hˆ
D∩M H∩M
D∩H∩M
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 Set!definitions!5.7.1.1Each!set!highlights!a!response!by!the!plant!due!to!experimental!conditions,!!
Definition!8. Dˆ !set!highlights!metabolites!which!are!positively!perturbed!by!the!presences!of!the!effector!proteins!at!a!time!point.!This!set!will!be!referred!to!as!DC!\!only!Definition!9. Hˆ !set!highlights!metabolites!which!are!positively!perturbed!by!the!presence!due!to!P/MAMPs!at!a!time!point.!This!set!will!be!referred!to!as!hrpA\!only!Definition!10. Mˆ set!highlights!metabolites!which!are!negatively!perturbed!in!both!DC3000!and!hrpA!tissue!compared!to!mock.!This!set!will!be!referred!to!as!mock\!only!Definition!11. D∩H !set!highlights!metabolites!which!are!positively!perturbed!in!both!DC3000!and!hrpA!tissues!compared!to!mock.!This!set!will!be!referred!to!as!DC!&!hrpA!Definition!12. D∩M !set!highlights!metabolites!which!are!negatively!perturbed!in!hrpA$tissue!compare!to!both!DC3000!and!mock.!This!set!will!be!referred!to!as!DC!&!mock!Definition!13. H∩M !set!highlights!metabolites!which!are!negatively!perturbed!in!DC3000!tissue!compare!to!both!hrpA!and!mock.!This!set!will!be!referred!to!as!hprA$&$mock!
This!fold!change!cut!off!method!is!not!sufficient!for!statistical!analysis,!however!gives!a!good!indication!of!whether!a!feature!is!present!or!absent!due!to!some!treatment.!
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 Significant)Set)distribution)5.7.2The!main!goal!of!this!chapter!is!to!extract!features!which!discriminate!between!two!experiments.!Therefore!using!the!approximate!p\value!(apv)!discussed!above!we!can!then!cluster!the!features.!Consider!the!feature! we!define!this!feature!at!any!given!time!point! by!a!2d!vector,!such!that,!
!
(!43!)!
Were!the!subsets discussed!above!are!given!a!value!0!to!6,!and!the!logical!indicator! defined!if!a!feature!is!significant!at!that!time!point!or!not.!Any!feature!which!is!not!significant!at!least!in!one!of!the!9!time!points!(2\17.5h)!is!dropped.!In!this!section!we!are!only!interested!in!features!which!discriminate!for!the!infection!process,!hence!only!those!features!which!are!significant!in!the!DC!vs!hrpA$data!set!are!considered.!!The!set!distribution!is!the!distribution!of!features!across!the!various!sets.!This!distribution!then!given!a!good!indication!as!to,!!
1. The!discriminate!nature!of!the!features,!2. And!the!nature!of!the!signal!at!any!given!time!point.!
 Results)5.8Prior!to!discussing!the!results!of!the!discriminate!analysis,!the!results!of!the!bandwidth!selection!will!be!outlined.!!
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 Optimum)Bandwidth)5.8.1
!
Figure!33!Bandwidth!optimization!method!for!a!selection!of!bandwidths!for!each!method.!
Optimization!method!finds!convergence!for!all!three!methods!with!limited!number!of!iterations!Figure!33!illustrates!a!subset!of!the!model!selections!carried!out,!a!large!variety!of!bandwidth!selection!techniques!exist!which!use!mean!square!errors!minimization,!and!other!techniques.!The!method!illustrated!here!is!fairly!simple!however!the!resulting!model!shows!a!similar!model!structure!to!those!produced!by!more!complex!methods.!When!considering!the!bandwidth!selected!ksdensity!(a!pre\complied!method!in!matlab)!the!bandwidths!were!very!similar.!The!model!structure!of!the!two!also!shares!a!fair!amount!of!similarity.!Hence!this!method!is!fairly!simple!to!implement!and!requires!very!little!computational!time.!
 Student)tFtest)5.8.2As!mentioned!above,!the!Student!t\test!is!the!most!common!statistic!used!in!biological!sciences.!All!three!methods!discussed!above!will!be!compared!against!this!statistic!in!order!to!validate!the!use!of!these!methods.!!!
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 Classification!Accuracy!5.8.2.1
!
Figure!34!Classification!accuracy!of!the!Student!tQtest,!Histogram,!kNN!and!Kernel!methods.!While!all!
three!nonQparametric!methods!illustrate!a!very!low!specificity!and!falseQnegative!rates!the!histogram!
method!illustrates!the!best!trueQpositive!rate.!Four!measures!are!considered!for!each!method!to!define!its!classification!accuracy.!!
NPR = aa+ c ! !
FPR = ba+ b (
FNR = cc+ d ! !
PPR = bb+ d !
Where!a!is!the!number!of!correct!prediction,!b!is!the!number!of!incorrect!positive!predictions,!c!is!the!number!of!incorrect!negative!predictions,!and!d!is!the!number!of!correct!positive!predictions.!NPR is!the!negative!prediction!rate,!FPR !the!false!positive!rate,!FNR !the!false!negative!rate,!and!PPR !the!positive!prediction!rate.!
It!is!a!well\established!fact!that!although!the!t\test!is!a!widely!used!statistic!it!can!produce!a!large!number!of!false!positives,!and!false!negatives.!!Figure!34!illustrates!
0%!20%!
40%!60%!
80%!100%!
120%!
Student!T.Test! Histogram!Method! kNN!Method! Kernel!Method!
Negative!Prediction!Rate! False!Positive!Rate!False!Negative!Rate! Positive!Prediction!Rate!
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the!accuracy!of!the!four!methods,!it!is!very!clear!that!the!student’s!t\test!performed!the!worst!out!of!all!of!the!methods,!which!were!tested.!Notably,!the!histogram!approach!outperformed!all!the!other!methods!even!though!it!is!the!simplest!method!used.!This!prediction!accuracy!indicates!that!the!use!of!the!histogram!method!would!lead!to!the!most!accurate!model.!!
 Significant!feature!overlap!5.8.2.2It!is!important!to!note!that!there!is!a!major!difference!between!the!t\test!and!the!non\parametric!approaches.!While!the!t\test!gets!a!t!score!for!each!feature!in!an!experiment!with!respect!to!it!in!another!experiment,!the!non\parametric!approaches!find!the!probability!of!the!differential!expression!of!a!feature!with!respect!to!all!other!features.!Due!to!the!large!dissimilarity!between!the!two!we!would!suspect!that!they!would!lead!to!differing!results.!!
The!overlap!of!the!selected!features!illustrates!(Figure!35)!how!the!two!methods!yield!very!different!results.!24!features!are!found!be!common!to!all!four!methods,!while!the!t!test!highlights!the!greatest!number!of!unique!features.!On!further!examination!of!these!features!we!find!that!these!false!positive!(fold!change!of!greater!than!6!was!used!to!define!false!positive!rates).!Overall!the!three!non\!
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!
Figure!35!Significant!feature!overlap!between!four!methods.!24!features!are!found!to!be!the!consensus!
of!all!four!methods.!The!large!number!of!false!positive,!which!are!selected!by!the!Student!tQtest!is!
highlighted!by!the!large!number!unique!features!identified!by!the!tQtest.!parametric!methods!have!the!largest!number!of!common!significant!features.!Over!85%!of!the!features!selected!by!the!Histogram!method!are!present!in!all!of!the!other!three!highlighted!by!the!grey!area!in!Figure!35.!!
In!both!tests!the!histogram!approach!yielded!the!higher!result,!indicating!that!the!use!of!the!histogram!method!would!yield!the!most!robust!result.!For!the!remainder!of!this!manuscript!the!significant!features!are!selected!via!the!histogram!method!and!are!validated!using!the!other!two.!
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 Treatment)Similarity)5.8.3
!
Figure!36!Venn!diagrams!for!4!time!points!using!2!fold!cutoff!illustrating!the!overlap!between!the!three!
treatments.!The!similarity!between!the!three!treatments!was!considered!in!respect!to!2!and!4!fold!cut\offs!values,!although!this!method!cannot!be!used!to!extract!statistics!about!the!data,!rather!we!are!able!to!generate!venn!diagrams!to!highlight!similarities/dissimilarities!between!the!three!treatments.!
We!start!by!defining!two!terms!the!pattern!and!level!of!metabolite!perturbation,!
Definition!14. Pattern!of!metabolic!perturbation!is!defined!as!the!temporal!pattern!present!in!the!set!distribution.!Definition!15. Level!of!metabolite!perturbation!is!the!number!of!metabolites,!which!are!consistently!present!in!a!set!through!the!time!course.!
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In!order!to!capture!both!of!these!types!of!perturbations!two!values!of!Δ !(the!fold!cut!off!value)!were!used.!At!Δ = 2 highlights!the!pattern!of!metabolic!perturbations,!while!Δ = 4 !illustrates!the!level!of!perturbation,!these!two!types!of!perturbations!will!then!given!insight!into!not!just!the!temporal!pattern!which!exists!but!also!the!strength!of!this!pattern.!
Infection!by!the!virulent!strain!DC3000!causes!a!great!amount!of!perturbation,!and!this!perturbation!is!sustained!for!a!greater!period!of!time.!Figure!36!illustrates!Venn!diagrams!for!the!2\fold!change!analysis,!which!highlights!the!overlap!between!treatments.!We!note!that!the!DC!and!mock!treatments!have!the!most!unique!number!of!metabolites!associated!with!them,!while!their!overlap!shows!that!there!is!a!large!number!of!non\acidic!compounds!which!are!common!to!the!two!early!in!the!infection!process.!In!the!early!stages!of!the!response!we!note!that!a!very!large!number!of!metabolites!are!found!to!be!unique!to!the!hrpA$treated!tissue.!This!response!could!be!either!a!large!number!of!metabolites!are!utilized!for!the!initial!basal!defence!signaling!process!or!an!artifact!caused!by!noise.!In!order!to!determine!this!the!4\fold!model!must!be!considered.!The!two!ionization!methods!highlight!different!chemistries!and!therefore!will!be!analysed!separately.!While!some!of!these!features!can!possibly!be!attributed!to!the!pathogen!a!large!portion!of!these!are!most!likely!to!be!plant!derived,!and!their!accumulation!is!as!a!consequence!of!a!highly!coordinated!defence!response.!
 Negative!Mode!5.8.3.1The!presence!of!effector!proteins!secreted!by!DC3000!cause!a!sustained!perturbation!of!acidic!(negatively!ionizing!molecules)!features,!this!is!highlighted!by!Figure!37.!As!illustrated!by!Figure!37!increasing!the!fold!change!cut!off!value!removes!a!large!number!of!low!perturb!features,!however!we!note!that!overall!the
!
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!number!of!DC/only!features!dominate!the!data.!The!hrpA!&!mock!set,!which!highlights!features!that!are!negatively!perturbed!by!the!effector!proteins,!is!fairly!small!compared!to!those!that!are!positivity!perturbed.!These!two!sets!highlight!features!which!are!unique!to!DC!treated!tissue,!indicating!possible!pathways!which!are!either!being!manipulated!by!the!bacteria!in!order!to!circumvent!plant!defences!or!the!plants!response!to!the!presence!bacterial!effectors.!We!note!a!temporal!pattern!in!both!the!positively!and!negatively!perturbed!features.!During!the!early!stages!of!infection!there!is!a!gradual!increase!in!the!number!of!features,!which!are!unique!to!DC.!After!10hpi!the!number!of!unique!features!start!to!decrease.!The!DC/only!set!illustrates!a!secondary!increase!starting!from!16hpi.!The!hrpA!&!mock!set!show!a!similar!pattern!for!the!2/fold!cut!off!value,!however!this!increase!isn’t!shown!in!the!strongly!perturbed!features.!This!initial!increase!in!the!number!of!DC!unique!features!might!indicate!a!set!of!pathways,!which!are!either!activated!by!the!plant!in!response!to!the!bacterial!effectors!as!a!form!of!defence,!or!manipulated!by!the!bacteria!in!order!to!overcome!the!defence!response.!DC3000!is!a!virulent!pathogen,!implying!that!the!plant!is!incapable!of!mounting!a!successful!defence,!this!could!explain!the!difference!between!the!DC/only!and!hrpA!&!mock!set!patterns.!!The!secondary!increase!in!the!DC/only!set!involves!pathways,!which!are!either!being!manipulated!by!the!bacteria!for!nutrients!or!indicate!the!breakdown!of!the!biosynthetic!system!of!the!plant!as!bacterial!infection!takes!hold.!!
The!bacterial!effectors!are!able!to!suppress!the!main!acidic!components!of!basal!defense.!These!components!are!the!features!which!are!unique!to!the!hrpA!tissues!,!highlighted!by!the!hrpA/only!and!DC!&!mock!sets!(Figure!37).!These!features!only!make!up!part!of!the!basal!defence!mechanism,!the!remainder!of!the!features!which!are!part!of!the!basal!defence!mechanism!are!contained!in!the!hrpA/only!and!DC!&!
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hrpA!sets!(these!features!are!common!to!both!hrpA!and!DC).!While!the!features,!which!are!common!to!DC!and!hrpA!are!important!their!‘activation’!alone!will!not!yield!a!successful!defence!response.!!
Here!we!have!possibly!identified!a!set!of!key!acidic!features,!which!are!key!in!the!defence!and!infection!responses.!In!order!to!have!a!complete!picture!we!must!also!consider!the!features,!which!ionize!by!gaining!a!charge.!!
 Positive(Mode(5.8.3.2Metabolites!which!ionize!by!gaining!a!hydrogen!rather!than!losing!one!are!commonly!non/acidic!compounds,!hence!we!analyze!the!positive!ionization!data!set!separately.!Figure!38!illustrates!that!there!a!fairly!large!number!of!features!which!differentiate!between!the!three!treatments!at!2!and!4!fold!level.!!
Unlike!the!acidic!features!(6.7.3.1),!we!note!that!there!is!a!very!rapid!increase!in!the!number!of!hrpA%specific!features!(Figure!38).!This!rapid!increase!reaches!its!maximum!by!4h!indicating!that!this!time!point!might!be!key!to!the!successful!activation!of!basal!defense!and!large!majority!of!the!features!unique!to!hrpA%are!very!strongly!perturbed!(as!illustrated!by!the!4/fold!cut!off!model).!!
!
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This!strong!signal!is!not!sustained!over!time,!indicating!that!the!defence!response!might!require!rapid!activation!of!multiple!pathways!in!order!to!establish!itself,!this!is!consistent!with!an!initial!perturbation!and!engagement!in!specific!signaling!networks!associated!with!basal!defence.!Once!the!defence!mechanism!is!activated!only!a!small!number!of!networks!are!required!for!sustained!defence.!
We!note!a!similar!but!delayed!response!in!the!DC!&!hrpA!set,!these!features!are!not!targets!for!the!T3Es!implying!that!either!that!these!features!alone!are!not!sufficient!for!successful!defense!activation!or!that!they!represent!the!generation!of!a!systemic!signal.!!This!signal!isn’t!noted!in!those!features!that!are!down!in!DC!and!
hrpA%tissues!(relative!to!mock)!represented!by!the!mockHonly!set.!Rather!there!seems!to!be!a!gradual!increase!of!‘down!regulated’!features!from!10h!to!12h.!Similar!to!the!DC!&!hrpA!features!these!are!also!part!of!the!defence!mechanism,!however!are!insufficient!for!successful!defence.!!
Although!the!DC!specific!features!do!not!highlight!a!rapid!activation,!there!is!a!strong!persistent!perturbation!of!the!metabolome.!These!features!might!be!candidates!for!a!role!in!suppression!of!basal!defence!and!activation!of!metabolite!reprogramming!to!provide!carbon!and!nitrogen!sources!for!pathogen!nutrition.!Similar!to!the!acidic!features!very!few!nonHacidic!features!are!suppressed!below!mock!levels!by!the!pathogen.!This!indicates!that!the!main!role!of!the!pathogen!might!be!in!the!activation!rather!than!suppression!of!plant!networks.!
Figure!39!illustrates!the!overall!number!of!features!(i.e.!from!both!negative!and!positive!ionization!data!sets)which!are!unique/common!to!DC!and!hrpA%treated!tissues!from!the!4Hfold!cut!off!model.!As!we!already!noted!the!number!of!features!which!are!perturbed!due!to!the!DC!infection!is!very!large,!and!is!highlighted!here.!!
!
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In!contrast!the!features!which!are!perturbed!in!response!to!the!basal!defence!mechanism!are!fairly!transient,!and!Figure!39!reiterates!that!4h!is!the!key!for!the!successful!activation!of!basal!defence.!T3Es!affect!the!metabolome!through!the!infection!processes,!and!are!able!to!suppress!the!activation!of!key!defence!related!pathways.!!!
 Significance)analysis)5.8.4
!
Figure'40'Number'of'significant'features'across'the'time'course'for'the'DC'vs'hrpA%model.'
In!the!course!of!this!research!both!the!infection!model!(DC!vs!hrpA)!and!the!defence!model!(hrpA!vs!mock)!were!explored.!In!this!section!however!we!will!consider!only!the!infection!model!as!this!is!of!particular!interest!as!DC!vs!hrpA%defines!the!impact!of!type!III!effectors!on!the!defence!metabolome.!Using!an!approximate!pIvalue!(apv)!of!less!that!1%,!the!set!of!significant!features!for!each!time!point!was!then!extracted.!Figure!40!shows!the!number!of!features!which!were!found!to!be!significant!at!each!time!point!in!the!DC!vs!hrpA!analysis.!
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!Of!the!features!found!to!be!significant,!the!majority!are!transient!and!only!appear!to!be!significantly!abundant!at!a!single!time!point.!This!would!be!expected!in!a!dynamic!interaction!whereby!host!defence!responses!are!competing!with!effector!modification!of!the!host!signaling!networks.!!This!suggests!clear!temporal!difference!in!activation!of!upstream!or!downstream!enzymes!which!are!required!for!flux!through!that!reaction!in!the!different!treatments.!In!the!previous!section!we!also!noted!that!a!large!signal!was!present!in!the!nonIacid!features!for!the!defence!response.!Figure!40!(right)!highlights!this!pattern!again,!where!at!4h!there!are!a!large!number!of!significant!features.!
A!great!deal!of!transcriptional!profiling!experiments!on!the!DC3000!infection!process!have!already!been!undertaken,!particularly!in!the!laboratory!where!this!study!was!carried!out.!All!of!these!studies!highlighted!that!the!first!transcriptional!differences!in!the!DC!vs!hrpA!model!occur!around!6h!while!the!first!differences!in!the!DC!vs!mock!are!at!2h![unpublished!PRESTA!data].!This!indicates!that!by!2h!the!MAMPs/PAMPs!signal!is!active![29],![57].!This!time!approximately!coincides!with!when!the!T3SS!has!been!established!and!the!first!set!of!effector!proteins!are!being!delivered!into!the!cell!by!DC3000![58].!Significant!impact!on!transcriptional!reprogramming!by!T3E!delivery!is!however!not!seen!till!~4hpi.!In!the!metabolite!profiling!however!differences!in!the!DC!vs!hrpA!model!are!evident!within!2hpi!indicating!that!specific!metabolite!changes!may!contribute!to!the!later!transcriptional!reprogramming!and!defense!response!activation/suppression.!The!transience!of!a!large!part!of!the!chemical!signal!could!underpin!the!later!response!specific!genetic!signal.!!
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Figure'41'Set'clustering'of'significant'features.'
In!the!previous!section!we!noted!very!distinct!signal!resulting!from!the!presence!of!T3Es.!Using!the!same!method!as!above!we!distribute!the!significant!features!into!6!sets!(as!defined!in!section!6.6.1.1).!!
Figure!41!illustrates!the!sets!for!the!significant!features.!Unlike!what!was!seen!in!the!previous!section!where!a!large!number!of!acidic!features!were!positively!perturbed!by!the!presence!of!T3Es,!this!figure!indicates!a!significant!number!of!negatively!perturbed!acidic!features.!Between!8h!and!12h!the!majority!of!the!significant!reprogramming!seems!to!have!occurred!and!the!number!of!acidic!features!perturbed!(both!negatively!and!positively)!reduces.!At!8h!a!large!number!of!nonIacidic!features!are!positively!perturbed!by!DC!(DC!only!set),!followed!by!at!10h!a!similar!number!of!nonIacidic!features!which!are!negatively!perturbed!by!DC!(hrpA!&!mock).!After!10h!the!number!of!DC!unique!nonIacidic!features!decreases.!This!decrease!after!12h!(acidic)!and!10h!(nonIacidic)!could!indicate!that!the!
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pathogen!has!been!able!to!successfully!colonise!the!plant,!and!the!majority!of!the!reprogramming!has!been!completed.!
The!DC!vs!hrpA%model!not!only!highlights!features!which!are!used!during!infection,!they!also!elucidate!features!which!are!key!to!the!basal!defence!mechanism.!Figure!41!illustrates!the!hrpA%signal,!which!was!noted!in!the!previous!section.!There!is!a!rapid!increase!in!the!number!of!hrpA%specific!significant!nonIacidic!features!at!4h!followed!by!a!fairly!rapid!decrease.!A!large!number!of!acidic!features!are!negatively!perturbed!by!basal!defence!activation!at!the!later!time!points.!The!positively!perturbed!features!highlight!a!very!early!signal!followed!by!a!gradual!decrease!in!the!number!of!hrpA%specific!significant!features.!!
We!do!note!that!there!are!a!number!of!nonIacidic!features!which!are!present!in!the!mock!only!and!DC!&!hrpA!sets,!indicating!that!there!are!a!number!of!features!which!are!either!perturbed!in!one!at!a!certain!level!but!perturbed!further!in!the!other.!This!might!indicate!plant!response!to!the!metabolic!reprogramming,!or!be!a!consequence!of!the!reprogramming.!
The!full!list!of!significant!features!can!be!found!in!the!Time!Series!Chapter!5!and!6!folder!inside!the!Significant!Features!folder.!There!are!4!files!for!each!comparison,!the!log2!transformed!abundance!for!these!features!across!the!time!course.!All!features!were!selected!at!a!99%!confidence!interval.!!
 Conclusion)5.9In!this!chapter!we!have!highlighted!through!the!use!of!probability!density!estimation!and!nonIparametric!methods!the!presence!of!unique!metabolite!markers!at!different!hour!post!inoculations.!The!full!list!of!significant!metabolite!
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are!listed!in!the!file!TimeIcourseIsig.xls,!this!file!contains!two!sheets!one!for!each!ionization.!!
We!noted!that!in!order!for!the!bacteria!to!be!successful!in!its!colonisation!of!the!plant,!it!had!to!suppress!the!activation!of!early!plant!networks.!DC3000!was!able!to!do!this,!and!hence!is!able!to!successfully!colonise!the!plant.!While!this!suppression!is!needed!to!colonise!the!plant,!this!is!not!the!only!reprogramming!which!is!required.!DC3000!must!also!be!able!to!hijack!networks,!which!supply!nutrients,!we!noted!that!there!were!not!a!large!number!of!significant!features!which!could!be!attributed!to!a!positive!perturbation!due!to!T3E’s!however!there!is!sufficient!negative!perturbation!to!indicate!that!the!pathogen!might!be!extracting!nutrients!from!the!plant!in!order!to!multiply.!
In!order!to!better!understand!the!mechanisms!in!which!the!bacteria!circumvent!the!defence!mechanism!feature!identification!is!required.!This!method!would!then!lead!to!the!enhanced!understanding!of!the!chemical!signals!and!biosynthetic!pathways!which!are!utilized!during!the!plantIpathogen!interaction.! !
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 Introduction)6.1The!focus!of!this!thesis!has!been!in!the!development!of!methodology!to!allow!for!the!analysis!of!complex!untargeted!mass!profiling!datasets.!We!have!demonstrated!throughout!that!the!methods,!which!have!been!developed!outperform!all!others!currently!available!for!metabolite!analysis.!One!of!the!reasons!for!this!improvement!is!that!many!of!these!other!methods!were!not!designed!specifically!for!profiling!data.!However!the!purpose!of!untargeted!metabolomics!is!to!be!able!to!drive!biological!hypotheses,!therefore!we!must!validate!the!findings!from!the!previous!chapters.!
We!hypothesize!from!the!statistical!and!pattern!analysis!which!we!carried!out!in!the!previous!chapter!that!there!are!a!unique!set!of!pathways!that!are!either!‘hijacked’!by!the!pathogen!to!enhance!susceptibility!or!activated!by!the!plant!for!defence.!In!order!to!better!understand!the!function!of!these!metabolites!identification!is!required.!A!number!of!organism!specific!metabolic!databases!exist!listing!masses!of!known!metabolites,!these!include!Biocyc,!KEGG!and!Knapsack![59–61].!!
The!use!of!database!interrogation!for!metabolite!identification!is!a!well!established!method.!Although!database!searching!does!not!guarantee!true!identity!it!does!give!us!a!frame!of!reference.!This!possible!identification!can!then!be!validated!by!techniques!such!as!isotope!distribution!and!fragmentation!analysis!as!well!as!compound!purification.!
A!large!number!of!tools!currently!exist!which!map!accurate!masses!to!database!entries.!The!Knapsack!database!includes!a!javaIbased!program,!which!will!map!masses!to!metabolites!given!a!threshold!of!mass!accuracy;!Kegg!contains!a!similar!
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set!of!tools,!which!are!available,!online.!The!Biocyc!database!however!doesn’t!have!a!tool!which!allows!masses!to!mapped,!however!the!database!itself!is!very!comprehensive!and!consolidates!information!present!both!in!the!Kegg!and!Knapsack!databases,!as!well!as!having!over!1004!different!organisms.!For!this!reason!the!Biocyc!database!was!selected,!and!a!tool!that!would!allow!us!to!map!masses!to!the!database!was!developed.!!
The!currently!available!tools!for!mapping!masses!to!databases!did!not!have!the!functionality!that!we!required.!Our!goal!was!to!be!able!to!map!masses!to!the!database!as!well!as!to!obtain!the!associated!reaction,!genes!and!pathways!which!this!compound!is!linked!with.!!
Unlike!microarray!data,!which!contains!only!data!for!the!organism!of!interest,!metabolite!profiling!data!does!not!have!this!selection!step.!The!features!which!are!reported!are!those!features!which!were!present!in!the!sample.!These!features!include!both!plant!and!bacterial!metabolites,!and!there!is!no!way!in!which!to!distinguish!between!the!two.!Therefore!it!is!imperative!that!both!the!plant!and!bacterial!databases!are!searched.!
There!is!a!large!amount!of!similarity!between!the!metabolites!present!in!two!organisms.!It!is!hypothesized!that!this!similarity!allows!the!bacteria!to!be!able!to!manipulate!the!plants!biochemistry!in!order!to!suppress!host!defences,!and!favour!the!bacterial!colonization!of!the!plant.!!
For!example!GABA!is!a!key!component!in!plant!defence[24]!as!well!as!being!a!signaling!compound!regulating!glutamate!levels.!The!GABA!degradation!pathway!is!present!in!both!the!bacterial!and!plant!metabolomes.!The!degradation!of!GABA!leads!to!the!accumulation!of!succinate!which!is!a!key!component!in!the!TCA!cycle!
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(variant!III).!Thus!the!increase!in!succinate!is!mediated!by!the!bacteria!in!order!to!enhance!the!levels!of!nutrients!present!for!the!growth!of!the!bacteria.!This!is!one!example!of!a!compound!which!can!be!utilized!by!both!organisms.!!
The!Biocyc!database!was!therefore!used!so!that!identifications!were!not!limited!to!a!single!organism.!Each!database!contains!a!large!amount!of!information,!we!are!interested!in!the!compound,!reaction,!enzyme/gene!and!pathway!data.!A!script!was!developed!to!utilize!this!database!and!produce!a!mapping!tool.!!
 Compound)Mapping)Algorithm)6.2A!large!number!of!database!searching!tools!are!currently!available.!These!tools!use!accurate!mass!values!in!order!to!find!compound!identification.!The!main!down!side!of!this!method!is!the!lack!of!confidence!in!a!mapping.!Mass!variations!of!~10ppm!(part!per!million)!can!lead!to!multiple!compound!mappings!for!a!feature!and!vice!versa.!As!we!discussed!throughout!this!thesis,!the!consensus!feature!is!made!up!of!multiple!masses!from!the!various!experiments!and!replicates,!the!use!of!this!consensus!mass!for!identification!is!valid!as!long!as!the!identifications!are!substantiated!using!all!available!information.!
Here!we!will!outline!a!method!which!uses!the!raw!masses!of!the!aligned!feature!from!each!spray!to!find!a!much!more!accurate!match.!The!data!generated!via!the!QtoF!are!accurate!mass!values,!which!implies!that!each!mass!generated!is!within!3I10ppm!of!its!true!value,!although!a!bias!is!introduced!due!to!the!point!approximation!utilized!during!alignment!(see!Chapter!2).!
ci ∈C
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!
Figure'42'Illustrates'the'mapping'error,'which'can'be'caused'by'mass'drift'due'to'technical'errors.'The'
blue'filled'circle'represent'the'mass'of'a'compound'in'the'database,'and'the'small'red'circle'represents'
the'measured'mass'of'that'compound'in'the'profiling'data'set.'The'large'filled'green'circle'the'mass'of'
a'different'compound'in'the'data'base'and'small'green'circle'represent'the'measured'mass'that'
compound'in'the'profiling'data'.'Due'to'mass'drift''the'features'map'to'the'wrong'compounds.'
 Method)6.3The!kth!nearest!neighbor!(kNN)!algorithm!can!be!memory!and!processor!intensive!however!this!algorithm!is!the!simplest!for!our!purpose.!Combined!with!the!city!block!metric!it!is!used!for!finding!optimal!compound!alignments.!
 Single)Mass)mapping)6.3.1Let! !be!a!set!which!contains! unique!features,!we!then!assume!that!each!feature! !has!at!least’s!one!database!entry.!Let! !be!the!set!of!all!compounds!that!are!present!in!the!database,!now!we!search!for!all! !closest!entries!which!minimize!the!equation!
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!
('44')'
Such!that! !is!the!mass!of!the! !compound!in!the!database,! !the!allowed!error,!and! !is!the!mass!of!the! feature!in! .!Using!single!mass!values!we!are!then!able!to!get!the closest!masses!to!our!feature.!However!the!problem!arises!that!even!small!variation!in!mass!can!greatly!alter!the!compound!id.!Figure!42!illustrates!this!problem,!without!knowing!the!direction!of!drift!correcting!for!it!is!impossible.!Hence!when!using!single!mass!data!for!database!searching!the!assumption!of!low!drift!must!be!made.!
 Multi&Mass)mapping)6.3.1.1The!use!of!the!multiple!masses!which!align!to!define!a!feature!increases!the!confidence!of!a!mapping.!!By!doing!so!we!can!calculate!an!overall!error!rating.!This!rating!can!then!be!utilized!to!reduce!the!number!of!possible!mappings!that!occur.!
Let! be!the!overall!error!calculated!as!the!mean!(assuming!that!the!error!follows!a!gaussain!distribution)!of!the!error!of!each!aligned!mass.!!
 Multiple)Mappings)6.3.2There!are!two!types!of!multiple!mappings,!which!can!occur,!!
Case!1. Single!feature!mapping!to!multiple!entries!in!the!database,!Case!2. Multiple!features!mappings!to!a!single!entry!in!the!database.!
Both!of!these!cases!must!be!considered!(illustrated!by!Figure!2),!we!restrict!case!1!by!fixing!the!number!of!allowed!hits!to!k=5,!this!however!doesn’t!affect!case!2.!Without!any!knowledge!about!the!features!reducing!the!number!of!mappings!a!single!feature!can!have!(case!2)!could!lead!to!the!loss!of!information.!!
cnM − diM ≤ ε,
diM ith ε
cnM nth C
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εoverall
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The!retention!time,!isotope!distributions!and!fragmentation!patterns!for!features!can!be!utilized!post!database!searching!to!reduce!case!2.!!Secondly!information!about!the!compound!formula!and!structure!can!also!be!used.!In!this!way!we!can!then!validate!the!putative!database!hits.!This!chapter!is!concerned!with!only!the!putative!identification!of!compounds,!rather!than!validation.!!
 Results)6.4In!order!to!extract!as!much!information!as!possible!the!database!search!was!carried!out!on!all!the!data,!however!one!of!the!main!purposes!of!this!chapter!is!to!validate!the!methods!used,!and!to!determine!if!the!use!of!mass!profiling!data!can!lead!to!the!identification!of!compounds.!
!
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!
Figure'43'The'frequency'of'occurrence'against'the'num
ber'of'hits'(Left)'illustrates'case'2'show
ing'the'num
ber'of'database'entries'w
hich'have'm
ultiple'hits'in'the'M
S'dataset.''
Approxim
ately'54%
'of'the'database'is'only'identified'by'a'single'feature'in'the'M
S'data.'(Right)'illustrates'case'1'show
ing'the'num
ber'of'features'in'the'M
S'dataset'that'have'
m
ultiple'hits'in'the'database.'A'large'portion'of'the'data'is'explained'by'a'single'entry'in'the'database.'
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 Multi&Mapping+6.4.1Even!with!the!restriction!on!case!1!we!hypothesize!that!there!will!be!a!fair!amount!of!features,!which!will!find!more!than!one!possible!identity!in!the!database.!If!the!number!of!features,!which!have!multi>mappings!is!too!large!then!post!analysis!is!difficult.!Figure!43!illustrates!the!number!of!multi>mappings!due!to!both!cases!discussed!above.!!
We!note!that!a!large!number!of!the!consensus!features!map!to!only!a!single!compound!Figure!43!(left)!as!well!a!large!number!of!compounds!only!have!a!single!consensus!feature!associated!with!it.!
 Compound+Identification+6.4.2In!the!previous!chapter!a!number!of!features,!which!showed!significant!changes!due!to!both!bacterial!infection!as!well!as!basal!defence!were!identified.!These!features!are!key!to!understanding!the!mechanisms!involved!in!plant!defence!and!bacterial!manipulation!of!plant!biosynthesis.!!
We!noted!that!there!were!significant!changes!occurring!at!2hpi!implying!that!the!plant>pathogen!interaction!starts!occurring!much!earlier!than!previously!thought.!In!order!to!understand!what!is!occurring!during!the!interaction!it!is!necessary!to!identify!significant!metabolites.!This!study!did!not!focus!on!“complete!identification”!however!we!did!attempt!putative!identification!of!features.!!
For!a!number!of!the!identifications!we!carried!out!further!validation!using!isotope!distribution!analysis!(using!Masshunter!(R))![27],![28]and!in!some!cases!fragmentation!analysis.!This!provided!further!confidence!in!the!methods!employed.!Throughout!this!discussion!we!will!refer!to!CPD!which!will!simply!mean!
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the!feature/compound!id!which!was!given!to!the!consensus!aligned!feature,!and!can!be!used!to!find!the!features!in!the!data!set.!
The!data!base!alignment!results!tables!can!be!found!in!the!Database!Mapped!Features!folder,!a!PDF!explaining!the!output!is!included.!
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 The+aromatic+amino+acids+6.4.3
!
Figure'44'[62]'The'aromatic'amino'acid'pathways'support'the'formation'of'numerous'natural'
products'in'plants.'The'shikimate'pathway'(shown'in'green)'produces'chorismate,'a'common'
precursor'for'the'tryptophan'(Trp)'pathway'(blue),'the'phenylalanine/tyrosine'(Phe/Tyr)'pathways'
(red'),'and'the'pathways'leading'to'folate,'phylloquinone,'and'salicylate.'Trp,'Phe,'and'Tyr'are'
further'converted'to'a'diverse'array'of'plant'natural'products'that'play'crucial'roles'in'plant'
physiology,'some'of'which'are'essential'nutrients'in'human'diets'(bold').'Other'abbreviations:'ADCS,'
aminodeoxychorismate'synthase;'AS,'anthranilate'synthase;'CM,'chorismate'mutase;'CoA,'coenzyme'
A;'ICS,'isochorismate'synthase'(figure'and'legend'taken'from'[62])'Using!accurate!mass!mapping!we!were!able!to!putatively!identify!L>tryptophan!(Trp),!L>tyrosine!(Tyr)!and!L>phenylalanine!(Phe).!Both!Trp!and!Tyr!were!further!validated!by!isotope!and!fragmentation![63]!analysis.!!
Tryptophan,!tyrosine!and!phenylalanine!are!all!synthesized!exclusively!by!the!shikimic!acid!pathway.!These!three!aromatic!amino!acids!play!very!important!roles!in!the!general!life!cycle!of!Arabidopsis,!however!in!normal!conditions!their!
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levels!are!fairly!low.!During!pathogenesis!however!there!is!a!massive!up!regulation![64]!of!a!number!of!the!enzyme!encoding!genes!in!the!aromatic!amino!acid!(AAA)!biosynthetic!genes.!!These!metabolites!are!important!precursors!to!a!number!of!defence!related!compounds!include!the!phytoalexins!camalexin.!Figure!44!illustrates!a!basic!overview!of!the!AAA!biosynthetic!pathway!starting!from!choismate.!Chorismate!is!a!key!precursor!to!salicylic!acid!which!has!been!shown!in!previous!studies![18],![29]!to!be!vital!for!plant!defence,!and!it!is!well!known!that!SA!increases!during!pathogenesis.!!!
 L"Tryptophan,(Trp),CPD1429,6.4.3.1CPD1429!(negative!mode)!was!putatively!identified!and!then!validated!by!isotope!and!fragmentation!analysis!as!Try.!Try!is!a!key!component!in!a!variety!of!pathways!and!under!'normal'!conditions!(here!we!define!normal!as!a!state!in!which!the!plant!is!not!undergoing!any!stress)!there!are!very!low!levels!of!soluble!tryptophan!present!in!the!plant!.This!metabolite!is!a!precursor!to!plant!hormones!such!as!auxin!as!well!as!to!phytoalexins!such!as!camalexin!(Figure!44).!
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Figure!45!Temporal'profile'of'CPD1429'which'was'identified'as'lStryptophan'(Trp)'using'
accurate'mass,'isotope'and'fragmentation'analysis.'Temporal'profile'of'this'feature'
illustrates'a'massive'upSregulation'after'6h.'The'sudden'drop'at'12h'was'identified'as'an'
artifact.'Trp'is'a'key'aromatic'amino'acid'and'is'used'for'a'variety'of'processes'within'the'
plant.'These'include'the'production'of'the'phytoalexins'camalexin.!CPD!1429!shows!a!massive!accumulation!in!DC3000!treated!tissue!by!6hpi!(there!is!a!drop!at!12hpi!however!this!is!believed!to!be!an!artifact!caused!by!the!data!processing!for!this!reason!the!temporal!profiles!of!the!features!have!12h!removed).!Ward![24]!showed!a!similar!increase!of!tryptophan!in!DC!treated!leaves,!and!a!smaller!increase!in!the!hrpA+treatment,!which!is!partial!reflected!by!CPD!1429,!therefore!our!result!agrees!with!what’s!currently!published.!
Previous!studies!have!shown!that!there!is!a!delay!in!bacterial!growth!till!6hpi,!which!correlates!with!the!accumulation!of!Trp,!illustrated!by!CPD1429.!L>!tryptophan!is!not!the!rate!limiting!factor!in!the!production!of!downstream!metabolites![65]!hence!this!accumulation!could!be!attributed!to!a!increase!in!
RT:$4.93$min$ Mass:%204.08978%daltons% 
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protein!synthesis.!!Another!interpretation!could!be!that!this!increase!in!Trp!could!be!an!example!of!a!metabolite!induced!by!the!bacteria.!It!is!well!known!that!the!AAA!biosynthetic!pathways!are!very!energy!expensive![62]!and!there!is!careful!regulation!of!all!AAA!metabolites!through!self>inhibition.!ASA1!an!enzyme!in!the!Trp!biosynthesis!pathway!is!inhibited!by!Trp,!and!hence!it!would!be!expected!that!biosynthesis!of!Trp!would!be!slowed!or!stopped.!CPD1429!Figure!45!does!not!show!any!indication!of!being!inhibited.!Which!suggests!that!if!this!identification!is!correct!then!this!compound!is!probably!being!induced!by!the!bacteria.!
6.4.3.1.1 Camalexin/(Cam)/CPD1020/CPD1020!(positive!mode)!was!putatively!identified!and!then!validated!via!isotope!and!fragmentation!analysis!to!be!camalexin.!Camalexin!(Cam)!is!a!product!of!Trp!a!phytoalexin!and!plays!a!vital!role!in!plant!defence.!!Figure!46!shows!the!accumulation!of!Cam!in!both!the!DC3000!as!well!as!the!hrpA+mutant!treated!plants.!
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Figure'46''Temporal'profile'for'CPD'1020.'CPD1020'was'identified'as'camalexin'through'accurate'
mass,'isotope'and'fragmentation'analysis.'CPD1020'illustrates'that'camalexin'is'strongly'
upregulated'due'to'PAMPs/MAMPs.'Camalexin'is'a'key'phytoalexin'which'acts'to'defend'the'plant'
against'pathogen'ingress.'CPD1020'indicates'that'the'response'starts'from'4h,'and'that'camalexin'
stays'highly'expressed'throughout.'There!is!a!large!amount!of!variability!in!the!camalexin!measurements,!however!the!base!peak!and!raw!spectra!search!validated!that!the!alignments!are!correct.!It!has!been!well!established!that!Cam!is!a!produced!by!the!plant!as!a!basal!defense!mechanism!and!is!triggered!by!PAMPs![66].!!
CPD1020!(Figure!46)!starts!to!accumulate!in!both!DC!and!hrpA+tissues!at!4hpi.!It!is!interesting!to!note!that!the!levels!of!Cam!in!both!DC!and!hrpA+treated!plants!are!comparable!after!6h,!which!supports!the!hypothesis!that!the!hyperaccumulation!of!Trp!doesn't!imply!an!increase!in!the!levels!of!downstream!metabolites![64],![65].!It!could!be!considered!that!the!Trp!is!catabolized!to!produce!indole>glucosinolates,!such!as!2>indoly>glucosinoalte,!however!the!genes!that!encode!for!the!biosynthetic!enzyme!show!a!decrease!level!of!their!transcripts[24].!As!hypothesized!by!Ward![24]!there!is!possibly!a!shunt!towards!camalexin!production,!which!is!shown!by!the!up>regulation!of!camalexin.!
CPD1020 RT:$11.911 Mass:%200.0407% 
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6.4.3.1.2 45methoxy535indolymethyl/glucosinolate/(4M3IG):/CPD228/
!
Figure'47'Temporal'profile'for'CPD'228.'CPD228'was'putatively'identified'as'4SmethoxyS3S
indolymethyl'glucosinolate.'4M3IG'is'down'regulated'in'both'DC'and'hrpA%which'correlates'with'the'
increase'in'camalexin,'suggesting'a'shunt'in'the'tryptophan'biosynthesis'towards'the'production'of'
camalexin.''CPD228!(negative!mode)!(Figure!47)!was!putatively!identified!as!4M3IG!and!was!further!validated!by!isotope!distribution!analysis.!We!were!unable!to!confirm!the!fragmentation!pattern!as!this!feature!was!not!select!for!fragmentation.!One!possible!route!for!Trp!is!to!be!catabolized!to!make!an!indolic!glucosinolate!such!as!4M3IG,!as!observed!by!Ward![24]!and!highlighted!by!the!CPD228,!there!is!a!general!decrease!of!4M3IG!over!time!in!both!the!DC!and!hrpA+treated!tissue.!The!DC!treated!tissue!seems!to!have!a!lessened!suppression!of!this!metabolite!and!at!10h!shows!significant!difference.!There!has!been!some!evidence!to!support!the!possible!hypothesis!that!the!breakdown!of!glucosinolates!can!lead!to!the!production!of!antimicrobial!compounds![67].!Clay!et!al![68]!illustrated!that!4M3IG!is!induced!by!Flg22,!and!enhanced!the!production!of!callose!deposition.!However!pretreatment!of!plants!with!Flg22!resulted!in!decrease!in!4G3IG.!This!decrease!was!attributed!to!increase!in!the!breakdown!of!4M3IG!!due!to!the!activation!of!
CPD228 
RT:!6.55 Mass:!!478.0700
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myrosinase!enzyme(s)!which!catalyze!the!hydrolysis!of!IGS![68].!Therefore!the!decrease!in!4M3IG!illustrated!by!CPD228!could!indicate!the!increased!levels!of!callose!deposition![68].!!
 L"Tyrosine,(Tyr):,CPD553,and,L"Phenylalanine,(Phe):,CPD712,6.4.3.2CPD553!(negative!mode)!(Figure!48)was!identified!by!accurate!mass,!isotope!distribution!and!fragmentation!analysis!as!L>tyrosine!(Tyr).!!Similar!to!Trp,!CPD553!suggests!that!there!is!a!rapid!accumulation!of!Tyr!in!the!DC!treated!tissue.!!Tyr!has!a!large!number!of!roles,!!
!
Figure'48'Temporal'profiling'CPD553,'which'was'identified'by'accurate'mass,'isotope'and'
fragmentation'analysis'as'LStyrosine.'CPD553'implies'rapid'accumulation'of'LStyrosine'in'DC3000'
treated'tissue.'''including!being!a!substrate!for!subrin!a!cell!wall!fortification!metabolite.!There!are!a!number!of!these!insoluble!metabolites!which!are!transported!to!the!cell!walls!in!
RT:$1.461 Mass:%181.0738 
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response!to!a!pathogen.!The!rapid!accumulation!of!tyrosine!could!be!a!plant!response!due!to!the!presence!of!the!pathogen.!There!is!evidence!that!the!DC3000!protein!HopPtoD2!possesses!tyrosine!phosphate!activity![69]!which!then!leads!to!the!suppression!of!programmed!cell!death.!It!is!well!established!that!DC3000!causes!infection!in!Col>5,!and!that!the!infected!leaf!collapses.%Therefore!what!we!might!be!seeing!in!the!Tyr!increase!is!in!fact!a!byproduct!of!tyrosine!phosphatase.!Alternatively!similar!to!Trp!this!increase!in!Tyr!could!be!attributed!to!an!increase!in!protein!synthesis.!!
!
Figure'49'Temporal'profile'of'CPD712.'CPD712'was'putatively'identified'as'LSphenylalanine.''CPD712!(negative!mode)(Figure!49)!was!putatively!identified!as!Phe,!no!further!validation!was!carried!out.!Similar!to!Trp!and!Tyr,!CPD712!shows!an!increase!in!the!DC3000!treated!tissue,!and!a!lower!level!of!increase!in!the!hrpA+treatment.!As!
RT:$2.495 Mass:%165.0789447 
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with!Tyr,!Phe!can!also!be!utilized!as!a!substrate!for!cell!wall!reinforcement!compounds,!previous!studies!have!shown!that!there!is!a!strong!increase!in!the!levels!of!cell!wall!related!compounds![70]!correlating!with!the!increase!of!Phe.!
Phe!can!also!be!utilized!to!produce!p>hydroxybenzoate!(Figure!50),!a!substrate!for!ubiquinone.!Ubiquinone!is!a!isoprenoide!quione!and!functions!as!a!electron!carrier!in!the!membrane.!During!pathogenesis!the!plant!produces!reactive!oxygen!species!(ROS)!in!as!a!mechanism!of!plant!defence,!one!method!to!produce!ROS!is!by!the!sequential!reduction!of!ground!state!triplet!oxygen.!Therefore!activity!in!ROS!related!pathways!would!be!expected.!! !
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!
Figure'50'Temporal'profile'of'CPD1017,'which'was'putatively'identified'as'pShydroxybenzoate.''CPD1017!(neg)!(Figure!50)!was!putatively!identified!as!p>hydroxybenzoate!!the!starting!compound!in!the!biosynthesis!of!ubiquinone.!We!note!that!there!is!an!increase!in!this!compound!in!all!three!treatments.!ROS!is!not!unique!to!pathogen!defence,!it!is!also!produced!due!to!other!stresses!such!as!wounding!(mock).!However!unlike!in!the!mock!treated!plants!p>hydroxybenzoate!accumulates!in!both!DC!and!hrpA+treatments!implying!that!there!could!be!further!flux!through!this!pathway.!!
RT:$6.978 Mass:%138.0316892% 
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!
Figure'51'Fig.'Temporal'profile'of'CPD39280,'which'was'putatively'identified'as'4Scoumarate.''CPD39280!(positive!mode)!(Figure!51)!was!putatively!identified!as!4>coumarate,!which!is!the!precursor!to!p>hydroxybenzoate.!CPD39280!shows!a!very!rapid!accumulation!in!DC!treated!tissue!after!8h,!and!much!lower!accumulation!in!hrpA+tissue.!This!compoun4>coumarate!is!produced!by!Phe!through!the!phenylpropanoid!biosynthesis!pathway.!!
AAA!biosynthesis!is!known!to!be!important!in!the!defence!mechanism!of!plants,!this!has!been!illustrated!by!the!putative!identification!which!have!been!carried!out.!AAA!biosynthesis!can!lead!to!the!production!of!important!downstream!compounds!such!as!camalexin,!ubiquione,!and!cell!wall!fortification!related!compounds.!However!due!the!complex!nature!of!the!interaction!between!the!plant!and!the!
RT:$1.5512 Mass:%164.05% 
! 163!
bacteria!it!is!difficult!to!determine!which!organism!is!causing!the!production!of!these!metabolites.!!
 ABA+Biosynthesis+6.4.4
!
Figure'52'Temporal'profile'of'CPD1868.'CPD1868'is'putatively'identified'as'2Scis,'4StransSxanthoxin.'
This'feature'shows'accumulation'in'DC3000'treated'tissue.''2Scis,'4StransSxanthoxin'is'the'rate'
limiting'compound'in'the'ABA'biosynthesis'pathway.'Previous'studies'have'shown'that'ABA'is'a'vital'
hormone'in'the'defence'mechanism'of'the'plant.'DC3000'treated'tissue'has'a'large'amount'of'ABA'
accumulation'causing'suppression'of'SA'biosynthesis'which'is'needed'for'successful'defence'.'CPD1868!was!putatively!identified!as!2>cis,4>trans>xanthoxin,!no!further!validation!has!been!carried!out.!2>cis,4>trans>xanthoxin!is!a!rate!limiting!step!in!the!biosynthesis!of!ABA.!de!Torres!Zabala!et!al![71]!showed!that!there!was!a!rapid!increase!of!ABA!after!10h.!Similarly!we!can!see!that!CPD1868!starts!to!accumulate!after!6hpi.!The!profile!start!starts!to!separate!and!then!accumulation!of!2>cis,4>trans>xanthoxin!becomes!more!apparent!after!6hpi.!
RT:$18.9719 Mass:%250.1933343% 
! 164!
ABA!is!a!key!compound!in!the!plant>pathogen!interaction!previous!studies!have!shown![71][18]!that!it!directly!effects!the!levels!of!SA!and!JA.!SA!is!a!key!compound!in!the!defence!mechanism!and!studies!have!shown!that!down!regulation!of!SA!can!lead!to!increased!virulence![18].!
 Amino+Acids+6.4.5
!
Figure'53''Temporal'profiling'of'CPD135.'CPD135'was'putatively'identified'as'LSglutamate.'LS
glutamate'is'down'regulated'by'DC3000'infect.''The!amino!acids!play!a!very!important!role!in!the!plant>pathogen!interaction.!A!great!deal!of!recent!work!has!been!focused!on!the!study!of!GABA!(gamma>amino!butyric!acid).!A!number!of!hypotheses!exist!showing!that!the!production!of!GABA!is!important!for!bacterial!growth.!!
RT:$1.027 Mass:%147.0533067% 
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CPD135!(negative!mode)!(Figure!53)!was!putatively!identified!as!L>glutamate!a!very!important!amino!acid.!Figure!53!shows!a!clear!suppression!of!this!compound!due!to!the!DC!infection,!while!there!is!a!reduced!affect!in!response!to!hrpA+implying!that!while!the!plant!is!responding!to!the!presence!of!the!bacteria!through!PAMPS,!there!is!a!much!stronger!signal!present!in!response!to!the!bacterial!effector!proteins.!GABA!has!been!shown!to!increase!during!pathogenesis!therefore!the!reduction!in!CPD135!is!consistent!with!its!identification!as!the!GABA!precursor!Glutamate.!
 Conclusion+6.5A!large!array!of!metabolic!pathways!are!perturbed!during!pathogenesis.!The!only!way!to!understand!the!range!of!processes!affected!is!through!the!use!of!unbiased!global!metabolite!profiling.!While!the!ability!to!identify!the!actual!discriminate!compounds!is!challenging,!the!use!of!automated!database!searching!allows!putative!identities!to!be!assigned!to!these!unknown!features.!And!from!these!identifications!we!are!able!to!infer!the!biochemical!pathways!that!maybe!affected.!In!order!to!have!confidence!in!the!mappings,!further!investigation!is!required,!and!techniques!such!as!isotope!distribution!and!fragmentation!analysis!must!be!utilized.!!
With!the!use!of!transcriptional!profiling!data!we!are!able!to!increase!the!accuracy!of!our!predictions!by!considering!the!transcript!behavior.!However!this!is!not!a!trivial!procedure.!The!presence!or!absence!of!a!transcript!doesn’t!directly!correlate!with!the!activity!of!a!given!enzyme.!We!have!however!highlighted!a!selection!of!compounds,!which!although!they!do!not!directly!agree!with!the!transcriptional!profiling,!they!illustrate!some!common!trends!expected!of!enzymes!involved!in!the!metabolic!process.!
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The!global!metabolic!changes!that!occur!in!response!to!pathogen!ingress!include!features!putatively!identified!as:!signaling!compounds!involved!in!the!orchestration!of!the!defence!response,!such!as!glucosinolate,!antimicrobial!compounds!directly!combatting!pathogen!persistence,!such!as!camalexin,!fortification!compounds!strengthening!cellular!defences,!such!as!phenylalanine,!and!pathogen!induced!changes!acting!to!favour!virulence!and!rapid!bacterial!multiplication,!such!as!ABA.!The!putative!identification!of!a!range!of!compounds!already!known!to!be!active!in!the!defence!response!supports!the!methodology!developed!and!provides!new!insight!into!the!dynamics!of!these!compounds.!
.! !
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 Discussion+ +Chapter/7
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The!main!focus!of!this!project!was!to!develop!analytical!methods!that!could!be!used!to!analyze!large!untargeted!mass!profiling!datasets.!During!the!course!of!this!work!it!was!found!that!there!were!very!few!standard!methods!for!analyzing!complex!untargeted!mass!profiling!datasets,!in!particular!LC>MS!data.!Therefore!we!set!out!to!develop!a!pipeline!that!would!allow!analysis!of!this!type!of!data.!One!of!the!major!hurdles!that!we!faced!during!analysis!of!the!data!collected!from!the!LC>Qtof>MS!was!the!lack!of!a!reliable!alignment!algorithm,!which!would!allow!us!to!analyze!150!different!samples!at!the!same!time.!For!this!purpose!KFA+was!developed,!and!tested!against!commercial!software!to!determine!if!this!method!was!valid.!During!the!time!of!development!we!also!found!that!the!technology!was!not!present!which!would!allow!us!to!analyze!such!a!large!volume!of!data!in!a!reasonable!time!frame![ref!metalign].!One!of!the!major!problems,!which!we!found!during!the!course!of!development!was!the!trade!off!between!mis>alignments!and!mis>classifications!in!most!packages,!this!was!down!in!part!to!the!problem!of!inflexible!error!vectors.!Therefore!we!adopted!a!flexible!error!vector!which!was!allowed!to!grow!to!a!pre>defined!maximum!level,!in!this!manner!the!algorithm!was!able!to!determine!the!optimal!alignment.!During!the!course!of!testing!we!did!not!change!the!maximum!error!vector.!As!illustrated!by!the!artificial!toy!datasets!KFA+didn’t!suffer!by!this!fact,!rather!it!found!the!optimal!solutions!without!error.!This!could!not!be!said!for!the!commercial!software.!
After!alignment!was!completed!we!found!that!there!were!a!large!number!of!‘missing’!values.!A!large!proportion!of!these!were!singletons,!or!unaligned!peaks.!Therefore!in!order!to!determine!if!the!use!of!technical!replicates!could!enhance!the!accuracy/reduce!the!noise!in!the!data!we!used!untouched!A.+thaliana+leaf!tissue,!running!5!biological!replicates!each!with!4!technical!replicates.!The!variation!that!
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we!found!between!samples!was!only!due!to!biological!variation,!which!revealed!the!extent!of!the!variability!that!can!occur!between!biological!replicates.!The!alignment!and!then!analysis!of!this!dataset!led!us!to!the!conclusion!that!while!technical!replicates!allowed!us!to!improve!the!data!quality!this!increase!was!not!very!large.!When!we!consider!the!similarity!between!two!biological!replicates!we!find!that!the!variability!at!a!biological!level!was!high!and!was!not!reduced!drastically!even!after!technical!replicate!filtering.!This!biological!variability!can!be!accounted!for!by!small!variations!in!the!growth!conditions!of!each!individual!plant,!as!well!as!small!differences!in!handling!and!inoculation!of!the!plants.!This!implied!to!us!that!while!the!use!of!technical!replicates!did!enhance!data!quality!it!was!not!sufficient!with!respect!to!cost.!Therefore!it!is!better!to!run!an!increased!number!of!biological!replicates!rather!than!technical!replicates!as!this!attempts!to!capture!the!greatest!amount!of!the!variation!present.!
While!the!biological!data!set!(discussed!above)!did!allow!us!to!gain!some!insight!into!the!level!of!technical!and!biological!variation,!it!did!not!give!us!a!clear!insight!into!what!would!be!an!appropriate!cut!off!for!selecting!a!feature!as!present!or!absent.!When!imputing!any!missing!values!we!would!have!to!ultimately!use!approximations!based!on!the!available!data.!The!approximation!quality!would!vary!based!on!the!number!of!available!data!points!therefore!as!the!number!of!missing!values!increased!the!approximation!quality!would!drastically!reduce.!For!this!reason!we!started!by!using!a!cut>off!at!50%.!In!other!words!a!feature!would!have!to!be!aligned!at!a!rate!higher!than!50%!in!any!given!set!of!biological!replicates!for!it!to!be!selected!as!real.!Due!to!the!nature!of!the!datasets!that!we!are!concerned!with!we!also!added!in!another!criteria,!that!if!a!feature!is!found!at!least!50%!of!the!time!in!one!treatment!at!a!timepoint!then!we!would!accept!this!feature!as!real.!!
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Following!this!we!utilized!a!composite!imputation!method,!and!illustrated!that!this!composite!kNN>EM!method!led!to!a!dataset!that!had!reduced!levels!of!variation!and!therefore!reduced!false!discoveries.!This!method!was!specifically!designed!for!this!type!of!data!where!the!number!of!missing!values!is!large!and!expected!to!be!below!the!noise!baseline.!!
Missing!value!imputation!is!required!(though!not!for!all!methods)!to!allow!us!to!carry!out!statistical!analysis!on!the!data.!The!use!of!any!standard!methods!such!as!Student!t>test!and!ANOVA!are!not!valid!due!to!low!replication!which!results!in!inaccurate!prediction!of!the!variance.!Therefore!we!sought!to!use!modeling!approaches!where!the!distribution!of!the!data!was!modeled!using!3!non>parametric!methods.!These!methods,!histogram!(frequency!analysis),!k>th!nearest!neighbor!and!kernel!density!approximations!do!not!require!the!calculation!of!the!standard!deviation,!rather!these!are!data!driven!methods!that!approximate!the!distribution!of!data!points!based!on!the!information!present.!
Through!our!analysis!we!found!that!although!both!the!Kernal!and!kNN!approaches!led!to!a!very!low!false!discovery!rate,!the!Histogram!approach!had!no!false!discoveries.!Testing!also!confirmed!that!the!t>test!ultimately!was!unusable,!as!over!70%!of!the!selected!peaks!were!false!positives.!It!was!decided!however!that!we!would!used!the!overlap!between!the!three!non>parametric!methods!as!our!statistically!significant!subset.!Using!the!developed!methods!we!studied!the!metabolic!reconfiguration!that!occurs!during!the!plant!pathogen!interaction.!
Small!molecules!drive!the!outcome!of!plant!pathogen!interactions!at!all!levels.!At!the!signaling!apex,!the!balance!of!various!plant!hormones,!such!as!ABA,!determines!the!pathological!outcome.!At!the!plant!pathogen!interface!defensive!compounds!
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with!antimicrobial!properties,!such!as!camalexin,!or!aromatic!amino!acids,!such!as!phenylalanine,!which!strengthen!the!cell!wall!are!important!to!counteracting!pathogen!virulence!strategies.!!A!major!challenge!is!to!understand!the!dynamics!of!the!host!transition!from!defense!to!disease!and!the!inter>relationship!between!transcriptional!reprogramming!and!metabolic!reconfiguration!during!disease!development.!Temporal!metabolic!profiling!of!the!interaction!between!Arabidopsis+
thaliana!and!Pseudomonas+syringae!pv.!tomato!revealed!large!dynamic!changes!in!the!metabolome.!These!changes!were!then!partitioned!into!defense!mechanisms!induced!by!PAMPS!or!effector!triggered!responses.!Differences!could!be!seen!as!early!as!2hpi!between!pathogen!treated!(DC!and!hrp)!and!control,!and!by!4hpi!between!DC!and!hrp.!Over!2000!significant!features!were!found!that!discriminated!between!the!three!treatments!across!the!time!points.!A!small!subset!of!these!features!were!then!putatively!identified!and!the!existing!knowledge!of!these!compounds!supported!their!role!in!the!defense!response.!We!also!found!a!great!deal!of!transiency!that!could!indicate!the!rapid!induction!of!pathways!or!could!be!artifacts.!These!transients!therefore!need!validating!by!carrying!out!secondary!experiments.!!
This!thesis!represents!a!significant!step!forward!in!our!ability!to!handle!and!interpret!LC>MS!data!and!validates!these!advances!by!their!application!to!the!classic!plant!pathogen!model!system!A.+thaliana+and!P.+syringae.!
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